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Abstract

This thesis centres around two main topics of public and behavioural economics:

the sources of bias in perceived income ranks and the determinants of pass-

through of soda taxes.

Chapter 1 explores the role that income taxes play in shaping taxpayers’ per-

ceptions of income distributions. Contrary to the predictions of classical models,

low-income people tend to display lower support for redistribution due to a bi-

ased perception of society’s income distribution. Can income taxes themselves

amplify or reduce that bias? I present a theoretical framework that maps the

information from the tax schedule onto informative signals that taxpayers use to

infer their perceived position in the income distribution. Running probabilistic

regression analysis on data from the General Social Survey, I find evidence sup-

porting that changes in the federal income tax system influenced the perceptions

of income ranks observed in the USA in the last decades. To identify causality

in a controlled environment, I then test the main predictions of the theoretical

model by randomising tax systems in an online experiment conducted on Ama-

zon Mechanical Turk with American workers. The results of a large pilot identify

statistically significant differences between individuals facing a proportional tax

system with a unique average tax rate and those facing a progressive tax system

with increasing marginal tax rates. Compared to no tax information (control),

facing the progressive tax system used in the experiment induced a 12% higher

perceived average income level and a 25% lower perceived probability of being

above the average income level among low-income individuals. In contrast, the

proportional system did not generate significant differences. These findings en-

courage further research to identify the exact elements in a tax schedule that

generate a bias that can affect support for redistributive policies.

Chapter 2 evaluates the pass-through of sugar taxes on soft drinks in online

markets. The UK introduced the Soft Drinks Industry Levy (SDIL), a sort of

sugar tax levied on producers, in April 2018. Using web-scraped daily prices from

Amazon for non-alcoholic beverages sold in the UK, I explore the pass-through

of such tax to online market prices of soft drinks. In addition to the traditional

measure of average pass-through, I estimate the impact of the tax on prices of

direct (untaxed) substitutes, and I compare categories and package sizes facing

different demand elasticity and levels of market concentration. My results confirm

the predictions of a general model of tax pass-through in a market with imperfect

v



competition and product differentiation. The UK sugar drinks affected by the

SDIL experienced full pass-through of the tax to consumer prices on average, with

over-shifting on middle-sized packages (400ml-999ml). The impact of the tax was

larger on prices of cola drinks, the category with lower demand elasticity and

higher market concentration. At the same time, prices of sugar-free alternatives

also increased by nearly 40% of the tax value, despite being exempted from it.

Chapter 3 investigates the impact of psychological pricing on the pass-through

of soda taxes. Following the path of a growing number of countries and the

recommendations of the WHO, Spain increased taxes on sweetened soft drinks on

1st January 2021. Nevertheless, the evidence on pass-through of such corrective

taxes is mixed, with estimates ranging from 30% to above 100%. Furthermore,

psychological pricing is widespread in grocery stores, with over 60 per cent of

product prices with odd endings (e.g. .49 or .99) in some countries, and has

been linked to price rigidity in other settings. Using web-scraped prices data

from three major supermarket chains in Spain, I estimate that psychological

prices are a significant determinant of tax pass-through. Looking at the last

digit of prices, I find that the VAT tax increase on sweetened drinks overcame

the price rigidity of zero and nine-ending prices observed in control items. Indeed,

products initially priced at round endings (double zero) over-shifted the tax on

consumer prices. On the other hand, items initially priced around the half of a

Euro (with the cents digits between 40 and 58) experienced partial pass-through

levels below 75 per cent. This implies that corrective taxes may result in more

significant price increases in markets with a higher frequency of round endings,

even if those endings usually increase the price-rigidity of products facing smaller

cost shocks. It also confirms that a tax that accounts for ten per cent of product

prices is enough to raise the prices of unhealthy drinks significantly, overcoming

the rigidity effect of psychological price endings.
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1 Taxpayer bias in perceived income distributions

1.1 Introduction

Standard models of preferences for redistribution based on the median voter the-

orem predict that societies with average income above the median should imple-

ment redistributive policies since a majority of the population could benefit from

them (Meltzer and Richard, 1981). Given the levels of inequality observed in most

western democracies, however, empirical evidence shows lower support for redis-

tribution than expected, creating what the literature has called the inequality-

redistribution puzzle (Benabou, 1996; Kenworthy and McCall, 2007).

From a theoretical perspective, the fact that changes in income inequality in a

society rarely translate into changes in preferences for redistribution remains a

puzzle. Part of the literature rationalised this apparent inconsistency by intro-

ducing other variables influencing taxpayers’ preferences, such as the prospects

of upward mobility (POUM) hypothesis (Bénabou and Ok, 1998). Nevertheless,

those models still rely on individuals effectively inferring the income distribu-

tion of their society and their position within it, which is most often not the

case. Several studies1 have consistently found that taxpayers actually have bi-

ased perceptions of the income distribution. Moreover, their levels of preferred

redistribution seem to respond to those biased perceptions rather than their true

position, which can be corrected by giving them accurate information on their

actual position or the real level of inequality (Cruces et al., 2013; Kuziemko et al.,

2015; Karadja et al., 2017; Hvidberg et al., 2020).

The United States case illustrates this problem very well. Income inequality in

the USA has been steadily increasing over the past 50 years and, while citizens

seem to be aware of such a trend, their perceived distance from the average family

income has barely changed (Figure 1.1). Similarly, support for redistribution has

not increased, especially among families with the lowest levels of income, who

would benefit the most from redistributive policies (Figure 1.2). Meanwhile,

income taxes in the USA have been significantly reduced over the same period,

especially for the rich. Have changes in preferences led to such changes in policy,

or may the policies themselves shape preferences?

As Gimpelson and Treisman (2018) consistently estimate for a wide range of coun-

1Kenworthy and McCall (2007); Cruces et al. (2013); Hauser and Norton (2017); Fernández-
Albertos and Kuo (2018); Hvidberg et al. (2020).
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tries using ISSP2 data, people’s support for redistribution seems to be driven by

their perceived income distribution rather than the true one. Therefore, under-

standing what shapes those perceptions is a key political question. So far, the

focus has been on analysing the role of reference groups (Cruces et al., 2013;

Hvidberg et al., 2020), treating tax systems as the mere result of taxpayers’ per-

ceptions and preferences. However, what if tax schedules generated reference

points that influenced income perception biases? This paper adds a new per-

spective to the discussion: if taxpayers infer distributional information from tax

policies, the policies themselves may generate a bias that affects their public

support.

Figure 1.1: Evolution of household incomes, perceived position, and perceived
inequality

(a) Family Income Distribution

(b) Perceived distance from the average family
income

(c) Perceived pay inequality

Source: Elaborated by the author using General Social Survey (GSS) and Census data.

Notes: Figure 1.1a shows the evolution of the average income per quintile and depicts the

increase in inequality throughout the last 50 years. Figure 1.1b shows how families in each

income quintile perceive their income compares to the average. Figure 1.1c shows the change in

perceived pay inequality (ln perceivedexecutivepay
perceivedskilledworkerpay ) between 1987 and 2000, by income quintile.

2The International Social Survey Programme (ISSP) conducts annual surveys covering coun-
tries from North and South America, Africa, Europe, Asia and Oceania, with a module on social
inequality.
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Figure 1.2: Evolution of preferences for redistribution, by income quintiles

(a) Should the government act to reduce
differences between rich and poor?

(b) It is the government’s responsibility to
reduce income differences between rich and

poor.

(c) Should the government improve the
standard of living of poor people?

Source: Elaborated by the author using GSS and Census data.

Notes: The three graphs in this figure summarise the evolution of the answers to three questions

included in the General Social Survey (GSS) through the last four to five decades. The answer

to question (a) was a scale between zero (No governmental action) and six (Government ought

to reduce differences). Question (b) was answered on a five-point scale, between minus two

(Disagree strongly) and plus two (Agree strongly). The answer to question (c) was also a five-

point scale, in this case recording positions between People should help themselves (minus two)

and Government should do everything possible (plus two).

Some behavioural economics papers have built on classical models to explain

some of the most common biases, such as the representativeness heuristic when

inferring population distributions from a reduced sample (Cruces et al., 2013).

However, empirical evidence from survey data in the USA suggests that the

predictions of those models do not explain the behaviour at the bottom tail of

the income distribution. The representativeness heuristic in this context implies

that individuals believe their self-selected reference group is more representative

of the whole population than it really is, leading them to feel closer to the average

than they actually are. In a model with such base-rate neglect, the probability of

an individual perceiving herself as earning the average income should decrease as

3



income approaches the boundaries (zero at the bottom and the highest possible

income at the top) since the probability that other incomes in their reference

group extend beyond those boundaries is zero. Nevertheless, I observe that the

left tail of the income distribution does not behave this way. Specifically, it

seems that all respondents with family incomes below a level that coincides with

the income tax personal allowance (i.e. all levels of income exempt from paying

federal income tax) perceive they are at the same distance from the average family

income, regardless of their level of earnings. I argue that the tax-free allowance

sets a reference value that influences individuals’ perceived position.

If this hypothesis is true, when thresholds of the tax bands or their marginal tax

rates change, poorer households may perceive themselves closer to the average

family income and therefore reduce their support for redistributive policies, al-

lowing the social planner to cut taxes on higher-income groups. This is, in fact,

what one observes when analysing the evolution of the Federal Income Tax Law

in the USA for the last half of the 20th century: despite rising inequality, the

government approved significant tax cuts for top incomes through several reforms

of the federal income tax schedule. Simultaneously, poor households’ perceived

distance from the average family income and their level of support for redistribu-

tive policies barely changed. Two questions arise from those facts. First, why

did low-income families fail to update their perceived distance from the average

income, even when they perceived increasing pay inequalities in their society?

And second, why did they not increase their support for redistributive policies?

In this study, I use data from the General Social Survey (GSS) to identify pat-

terns on different measures related to perceived income distributions which the

existing models with reference group bias cannot explain. I present a theoreti-

cal framework that builds on existing behavioural models and maps information

from the income tax schedule onto informative signals that taxpayers use to infer

income ranks, what I call the tax burden heuristic. I then test the model’s predic-

tions in an online experiment using Amazon Mechanical Turk, with participants

based in the USA.

The final experiment of the paper finds statistically significant differences between

individuals facing a progressive tax system with increasing marginal tax rates

(informative) compared to those facing a proportional tax system with a unique

flat rate (uninformative) and those in the control group who do not have any

information about the tax system. In particular, taxpayers in the progressive

tax group believe they are approximately 25% less likely to be above the average

income in their reference group than those in the control and the proportional tax

4



groups. They also estimate the average income to be around 12% higher. This

finding is consistent with the hypothesis presented in this paper: setting different

contribution levels above specific income thresholds affects how taxpayers infer

their position in the income distribution.

This work contributes to the growing literature on (mis)perceptions of inequal-

ity. The new theory I present helps to explain the inequality-redistribution puzzle

and provide a better understanding of the political economics of redistributive

preferences, building on the work of Piketty (1995), Alesina and Giuliano (2011)

and Cruces et al. (2013). Moreover, the conclusions of this study may also have

implications for the literature of economics of happiness, which sustains that

happiness is affected by relative income (rank) rather than absolute income lev-

els (Boyce et al., 2010). Additionally, the notion that income tax thresholds

constitute reference points that trigger reactions beyond labour supply and tax

avoidance decisions is of relevance to the literature of public finance and should

be taken into account when deriving optimal income taxes.

The rest of the paper is structured as follows: Section II develops the theoretical

framework and presents the concept of tax burden heuristic; Section III provides

supporting evidence from USA survey data, exploiting tax law changes that gen-

erated quasi-experimental variation; Section IV presents the online experiment

aimed to test the predictions of the model; Section V concludes.

1.2 Theoretical framework

One of the most consistent biases in perceived income rank is that people tend

to feel closer to the average income than they really are. To explain that bias,

Cruces et al. (2013) derived a model in which taxpayers suffer from base-rate

neglect3 and therefore take the income distribution of their reference group (to

which they are self-selected by similarity) as if it was representative of the overall

population. This leads people to believe they are closer to the average income

than they truly are, as depicted in Figure 1.3. In the example of the figure, the

blue solid line represents a hypothetically true cumulative distribution of incomes.

The red dashed line would be the distribution of beliefs regarding income rank

if income were bounded at both ends (minimum and maximum income levels),

and respondents based their perception on their reference group, to which they

are self-selected by similarity. Notice that although the bias increases as incomes

depart from the average (marked by the grey vertical line at 0.2), it reduces

3The concept of base-rate neglect is such of sampling bias described by Kahneman and
Tversky (1972).
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again as incomes approach either boundary, since the probability of income levels

beyond the boundaries is zero (in terms of the reference group, if you earn the

minimum possible income, it cannot be that you know someone who earns less).

A similar prediction would apply to a question regarding the position of the

household relative to the income of the average family, since the probability of

being above (below) the average tends to zero as incomes approach the lower

(upper) boundary, for any possible distribution with positive densities along the

feasible income range and zero density for income values beyond its boundaries.

Hvidberg et al. (2020) argue that the bias at the tails may be larger due to

mean-reversion since people at the bottom cannot underestimate their position

and people at the top cannot overestimate it. However, that same argument

would imply that the dispersion of answers should decrease as it approaches

those boundaries4, which is not what we observe in the data. Perceived position

at the lower tail, the area that does not behave as predicted by a model with

base-rate neglect, presents larger variation than at any other levels of income,

perhaps signalling less accurate information.

A question in the GSS specifically asks: ”Compared with American families in

general, would you say your family income is...?” [Far below average - Below

average - Average - Above average - Far Above average]. In Figure 1.4a, I recoded

the answers to show the proportion of people in each income level (normalised by

the average family income of each year) perceiving themselves as below, around,

or above the average for all survey years between 1984 and 2018. The grey vertical

line represents the average income for the year of each survey. As expected,

the proportion of people feeling below (above) the average is larger for lower

(higher) incomes. Meanwhile, the proportion of people feeling around the average

is the highest around the true average family income and decreases as income

levels depart from it. It is relevant to notice that the proportion of respondents

perceiving their income above the average remains positive and stable (around 10

per cent) at lower income levels, even if this is not consistent with the predictions

of models based on similarity-selected reference groups. Similarly, the proportion

of people feeling below the average seems fairly stable (at around 60 per cent)

for all people earning any income below a quarter of the average family income.

Figure 1.4b represents the distribution of perceived position by true income rank.

The blue dots and fitted solid line represent the mean value of answers per income

group in each year, while the green dashed line serves as a reference value for a

4The dispersion could, however, increase for other reasons, hence challenging this argument.
Nevertheless, the correlation between income and the perception bias revealed by the GSS data
has a clear inflexion point way before the answers are close to the extremes of the scale, rather
than flattening smoothly as answers get closer to their lower bound (see Figure 1.4).
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calculated measure of true distance from the average family income.

Given the top coding of the income variable in the GSS data, I focus the analysis

on the anomaly observed at the left tail of the distribution. The average answer

stops decreasing below a certain income level despite incomes being at the lowest

end of the distribution, and uncertainty around perceived positions increases.

This contradicts the prediction of models with base-rate neglect, which would

yield more accurate perceptions at lower income levels, where the probability of

being above the average family income tends to zero.

What is the driver of such increased bias at the lower tail? Is there a specific

reference value from which people have a fixed perception of their position in

the income distribution? I suggest an alternative source of information that may

Figure 1.3: Perceived position under base-rate neglect and self-selected
reference group

Notes: In this model, the central assumption is that the reference group generating the base-

rate neglect only covers a subsample of the population distribution around the income level of

the individual reporting her perceived position. Since incomes in that group are closer to the

respondent’s income than other incomes in the general population, the respondent underesti-

mates her distance from the average and median incomes. However, for agents at the extremes

of the distribution (i.e. with the highest or the lowest possible incomes), the probability of

knowing a person with income beyond those boundaries is zero, hence reducing the bias. If

position refers to the percentile, the lowest possible perceived percentile will depend on the

frequency of the minimum income (not necessarily zero). However, if position refers to the

probability to have an income above the average, as in one of the GSS questions, this should

tend to zero as the respondent’s income approaches the lower boundary of the income distri-

bution, and it should tend to one as it approaches the other end. The graph reproduces the

case for this second meaning of position relative to the average income, which is the central

measure used in this paper and that of most relevance to redistributive preferences.
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Figure 1.4: Perceived position relative to the average family income

(a) By relative income (b) By true income rank

Source: Elaborated by the author using GSS and Census Data.

Notes: These two graphs plot the distribution of answers to the GSS Question 202: Compared

with American families in general, would you say your family income is..., which has five

possible answers: Far below average; Below average; Average; Above average; Far above average.

The left figure (a) shows the proportion of respondents perceiving their family income below,

around, or above the average family income by the true proportion of their family income with

respect to the average. Families with the average income are those around value one in the

horizontal axis, while those on the left (right) are families with incomes below (above) the

average. The blue dots and fitted polynomial (blue line) in the right figure (b) represent the

average score of all answers in a given year, with zero denoting respondents who perceive their

family income is at the USA average and values one and two (positive and negative) for the

different intensities of the above and below average answer options. The horizontal axis in the

second graph denotes the true percentile of the respondent’s family income. The green dotted

line is only plotted for visual reference and is an arbitrary (albeit proportional) measure of

distance from the average family income based on the relative size of the family income at each

percentile of the distribution compared to the average income. Alternative measures could be

computed, leading to different slopes, but they would all cross the true average income level

(zero on the vertical axis) at the same point, slightly above the 60th percentile, and cross the

blue fitted line afterwards.

be shaping those perceptions: the tax burden.5 Do taxpayers infer their income

position from how much they pay in taxes rather than uniquely from the value of

their income? Certainly, in any progressive tax system with increasing marginal

tax rates, people earning the least will pay the lower proportion of their income

in taxes, while those earning top incomes will be taxed at a higher rate (larger

share). The tax burden is exactly the same for all income levels below the tax-free

allowance (zero). If they were to infer their position based on how much they pay

in taxes rather than how much they earn, all those in the tax-free band would

perceive themselves at the same position, despite their differences in income.

To formalise the hypothesis, I present a model that rationalises why taxpayers

5Throughout this paper, I refer to the proportion of income paid in taxes as the tax burden.
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may infer their position in the income distribution from tax schedules and, specif-

ically, their tax burden (average income tax rate). The model’s main prediction

is that a higher (lower) tax burden will be used as a signal of a higher (lower)

level of relative income6 and a higher (lower) rank in the income distribution.

Assume a country is ruled by a government that has to provide public services

for its population, and it needs to fund such public expenditure G through tax

revenues. In the simplest case, assume the only tax in place is the income tax, so∑
i (τi · yi) represents the total budget, collected from each individual’s income yi

at an average tax rate τi. If individuals were subject to a non-progressive (purely

proportional) system, with income taxed at a flat rate τ̃ , the flat rate would be

determined by G
Y

, where Y represents the total addition of individual incomes

in the population,
∑

i (yi). The total tax revenue collected by the tax authority

given a tax schedule S thus can be expressed as G(Y | S) = τ̃ · Y .

However, in most countries, the income tax schedule is composed of a progressive

system of thresholds and increasing marginal tax rates above each income thresh-

old. Such a system is thus defined by a set of K+1 thresholds (z0 = 0 < z1 <

· · · < zK) and a corresponding set of marginal tax rates (r0 < r1 < · · · < rK)

where any marginal tax rate rk is applied to any earned income between zk and

zk+1.
7 The tax burden of an individual, her proportion of income paid in taxes,

is measured by the average tax rate (τi) as in Equation 1.1, and the total tax rev-

enue can be expressed in this case asG(Y | S) =
∫∞
0
y τ(y) fy dy =

∑N
n=1 yn τ(yn),

where N is the total number of people subject to the tax system and fy the num-

ber of them earning income y.

τ(yi) = τi =

∑K
k=0{rk ·min (zk+1 − zk,max (0, yi − zk))}

yi
where zK+1 = +∞

(1.1)

Therefore, in any given income tax system, the range of possible tax burdens has

a lower bound at 0 and an upper bound equal to the top marginal tax rate, since

limyi→∞ τi = rK . This also means that the reference rate τ̃ that would apply if

all taxpayers faced the same proportional flat rate must lie within (0, rK).

Any given tax schedule with progressive tax rates must be constructed so that

6The term relative income is used in this paper as income level relative to the average level
of income in the population.

7A tax-free allowance would be represented by r0 = 0, and the initial tax band would then
kick in at rate r1 for any unit of income above z1. Similarly, all units of income above zK will
be taxed at the maximum marginal tax rate, rK .
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those contributing above the hypothetical proportional share τ̃ compensate the

forgone revenue from those contributing below that proportional share. Calling

ỹ the income level such that τ(ỹ) = τ̃ , Equation 1.2 represents such balance

condition:

∫ ỹ

0

(τ̃ − τ(y)) y fy dy =

∫ ∞
ỹ

(τ(y)− τ̃) y fy dy (1.2)

If agent i earns income yi with a resulting tax burden τ(yi) < τ̃ , Equation 1.2 can

be re-written as Equation 1.3, which establishes the relation in terms of transfers

between incomes below and above that of agent i to ensure a target revenue G.

∫ yi

0

(τ̃ − τ(y)) y fy dy +

∫ ỹ

yi

(τ̃ − τ(y)) y fy dy =

∫ ∞
ỹ

(τ(y)− τ̃) y fy dy

∫ yi

0

(τ̃ − τ(y)) y fy dy =

∫ ∞
yi

(τ(y)− τ̃) y fy dy (1.3)

1.2.1 Theoretical predictions

Imagine a society with only three types of agents: those earning a high income

(yH), those with medium income (yM), and those earning a low income (yL).

The government needs to raise a fixed amount G through income taxes. If it

implements a proportional tax rate τ̃ (no progressivity), individuals cannot relate

their tax burden to their position in the income distribution (since all individuals

pay the same tax rate, independent of their income).

Alternatively, the government could consider a very simple progressive tax system

with two marginal tax rates, r0 up to income level y∗, and then a higher r1 for

any income exceeding that level. This means the possible range of tax burdens

for income earners in this society is defined between r0 and r1, with r0 < τ̃ < r1.

Recalling the balance condition of progressive tax schedules (Equation 1.2), there

must be at least one group with a tax burden below the proportional share τ̃

and at least another group with a tax burden above it. Since the minimum

possible tax rate is r0, which by definition must be smaller than τ̃ , this implies

the following information can be inferred by taxpayer i when realising their tax

burden, without knowing which income group they belong to, and even without
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knowing τ̃ :8

P (yi ∈ L | τ(yi) = r0) > 0 ; P (yi ∈ L | τ(yi) = r1) = 0 (1.4)

P (yi ∈ H | τ(yi) = r0) = 0 ; P (yi ∈ H | τ(yi) = r1) > 0 (1.5)

In addition, assuming τ̃ is known to taxpayers, the tax system automatically

becomes more informative:

P (yi ∈ H | r0 6 τ(yi) < τ̃) = 0⇒ P (yi ∈M ∪ L | r0 6 τ(yi) < τ̃) = 1 (1.6)

P (yi ∈ L | τ̃ < τ(yi) 6 r1) = 0⇒ P (yi ∈M ∪H | τ̃ < τ(yi) 6 r1) = 1 (1.7)

And incorporating the balance condition (1.2):

P (yi ∈M | τ(yi) < τ̃) ∝ P
(
(τ(yH)− τ̃) yH fH > (τ̃ − τ(yi)) yi (N − fH)

)
(1.8)

P (yi ∈M | τ(yi) > τ̃) ∝ P
(
(τ̃ − τ(yL)) yL fL > (τ(yi)− τ̃) yi (N − fL)

)
(1.9)

Notice that the probabilities in (1.8) and (1.9) both decrease as the distance

between τ(yi) and τ̃ increases, everything else constant. Therefore, a lower tax

burden below the proportional share implies a lower probability of belonging

to income group M (in favour of group L), and a higher tax burden above the

proportional share implies a lower probability of belonging to income group M (in

favour of group H), for any prior belief on the distribution of incomes. Combining

those conditions, this implies the conditional probability of belonging to income

group L weakly increases when τ(yi) decreases, while the conditional probability

of belonging to group H weakly increases when τ(yi) increases:
∂P(yi∈yL|τ(yi))

∂τ(yi)
≤ 0

and
∂P(yi∈yH |τ(yi))

∂τ(yi)
≥ 0, everything else constant.

Such calculations of probabilities are complex and thus have a high cognitive

cost. However, the qualitative conclusion of this model can be approximated

by a heuristic, which I call the tax burden heuristic. This heuristic consists in

inferring a higher position in the income distribution from a higher relative tax

burden (τi relative to the maximum rate in the tax system or the proportional

share τ̃ , when known). Notice that a higher position in this model means a larger

share of population income accumulated below the respondent’s income, which

8In these equations, the expression P (yi ∈ L) denotes the probability that income yi belongs
to the group of low income earners.
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can imply a higher rank or a higher income relative to the average (larger distance

from the average income if above it, and shorter distance if below), or both.

1.3 Empirical evidence in the USA

To test the model’s predictions, in this section, I show supportive evidence from

the USA using household panel data from the General Social Survey (GSS) for

years 1984-2018, exploiting the exogenous variation of tax burdens introduced

by the Income Tax Law changes within this period. Although the GSS data is

available for years as early as 1972, I restrict my analysis to the period from

1984, since Personal Income Tax thresholds were only indexed to inflation from

that time. While this survey has its limitations regarding the accuracy of income

measures (the public dataset groups households by income ranges rather than

disclosing the exact answer from each household, which results in top coding), it is

the only publicly available longitudinal dataset including income data, perceived

position relative to the average family income, and preferences for redistribution.

It also includes the more ambiguous question on “position in the social ladder”

from the ISSP module.

1.3.1 Historical context and main reforms

The Federal Personal Income Tax Law in the United States has experienced mas-

sive changes during the last 50 years. As depicted in Figure 1.5a, tax thresholds

were only indexed to inflation after 1984. This resulted in progressive changes

in the real value of those thresholds during the first ten years represented in the

graph, although these were most probably not as salient for taxpayers as those

resulting from changes in the tax law. All income values are counted in real

terms, as constant US dollars with base year 2000. Each blue dot represents

the threshold for each additional tax band, and the red dots depict their corre-

sponding marginal tax rates. One can observe a very relevant reduction in the

number of tax bands (blue dots) for the first third of the series, followed by a

slow progressive increase in subsequent years. Due to the scale of the graph,

one cannot notice the changes on the bottom band, the one with zero marginal

tax rate (tax-free allowance), but this is represented in the graph on the right,

Figure 1.5b. The dashed black line shows the evolution of the tax-free allowance

(right vertical axis), and the same chart depicts the evolution of tax burdens for

the average family income level within each income quintile (left vertical axis).

Changes in the tax-free allowance mechanically have a more significant impact

on the burden of lower incomes. However, one can observe how, in most periods
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where the tax-free allowance was increased, it was actually the burden of the

highest income quintile that was most reduced, implying that those reforms also

included significant tax cuts for higher incomes.

Figure 1.5: Evolution of Federal Income Tax for married couples in the USA

(a) Summary of band thresholds and tax rates (b) Evolution of tax burdens, by income
quintiles

Source: Elaborated by the author using Census Data.

Notes: In the left graph (a), the blue dots represent the number of bands set by the Federal

Income Tax Law in each year. Their position on the (left) vertical axis represents the threshold

for each band. The vertical distribution of these blue dots gives an idea of the piece-linearity

of the tax schedule. Meanwhile, the red dots represent the marginal tax rate assigned to each

corresponding income band. The chart on the right (b) summarises how tax burdens, measured

as the proportion of gross income paid in taxes, changed over time for the average income of

each income quintile. The dashed black line (right vertical axis) was added to complement the

information included in Figure 1.5a, since it would correspond to the lowest blue dot in every

year, indistinguishable from the other bands in most years. The vertical dashed grey lines

highlight the years with major changes to the Federal Income Tax Law.

The first relevant change in the income tax during 1972-2018 was introduced

by the Tax Reduction and Simplification Act of 1977 and the Revenue Act of

1978, which consisted in removing ten of the intermediate tax thresholds with

the main purpose of simplifying the tax schedule. Tax rates were kept constant

for the remaining bands, and thus the subtraction of intermediate thresholds

effectively resulted in a reduction of taxes on most income levels, especially the

highest ones.

The second relevant reform arrived with the Tax Equity and Fiscal Responsibility

Act of 1982, which removed the three top tax bands, resulting in a huge drop

of the top threshold and corresponding marginal tax rate. That threshold was

raised again progressively in the following two years, with the addition of two new

bands. The Economic Recovery Tax Act of 1981 also set that all tax thresholds

would be adjusted for inflation after 1984, except for the first year after a new

law directly affected the value of a tax band.
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The most relevant change in the history of income taxes in the USA was im-

plemented in 1987 after the US Congress passed the Tax Reform Act of 1986.

The number of tax bands was reduced from 15 to only 6, and tax rates dropped

significantly.

A few years later, the Omnibus Budget Reconciliation Act of 1990 started raising

the top marginal tax rate, but it was not until 1993 that two additional tax bands

were added at the top of the scale by the Omnibus Budget Reconciliation Act of

1993. This reform was followed by the most stable period regarding the Income

Tax Law until the Economic Growth and Tax Relief Reconciliation Act of 2001

introduced new tax reductions.

The last big changes of the Income Tax Law took place in 2013, with the in-

troduction of an additional band at the top of the scale, and in 2018, with a

substantial increase of the tax-free allowance.

1.3.2 Description of the survey data

The General Social Survey (GSS )has been running in the USA in a panel format

since 1972, either annually or biennially, and is publicly available on the website

of the NORC (University of Chicago).9 It is one of the few large panel surveys

that has consistently recorded some measure of income rank perception, together

with the usual socio-demographic characteristics of respondents. I use this data

to find correlations that support the model presented in the previous section to

motivate an online experiment that allows testing the model’s predictions with

identified causal interpretation. I present the results for the period 1984 to 2018,

including 22 rounds and comprising 4510 households, of which more than half

were interviewed in at least 11 different rounds.

The main dependent variable of interest is the answer to Question 202: “Com-

pared with American families in general, would you say your family income is...?

[Far below average; Below average; Average; Above average; Far above average]”.

In addition, in the years where questions from the International Social Survey

Programme (ISSP) were incorporated into the GSS, a similar (but less specific)

question is also available. This question has been broadly used for cross-country

comparisons in the literature of perceived income rank and preferences for redis-

tribution10: “In our society there are groups which tend to be towards the top and

those that are towards the bottom. Here we have a scale that runs from top to

9http:// www.gss.norc.org/ [last accessed on 14/09/2018].
10Alesina and Giuliano (2011) and Evans and Kelley (2004), among others.
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bottom. Where would you put yourself on this scale? [1=Top · · · · · · · · · 10=Bot-

tom]”. I run the analysis on both questions, which I refer to as Q1 and Q2,

respectively, through the rest of this section.

As mentioned in the introduction, and as consistently identified in the literature,

people below the mean tend to overestimate their position while the reverse hap-

pens to people above the mean, and both groups underestimate their distance

from the average or median income (Cruces et al., 2013; Hvidberg et al., 2020).

More surprisingly, while perceived position (distance from the mean) seems to be

correlated with income for most of the range, there is a threshold at the lower

(left) tail of the distribution from which perceived position does not decrease with

lower income levels. Specifically, the correlation between income and perceived

position within the bottom quintile of the income distribution disappears, with

the average perceived position being constant for households below the 20th in-

come percentile. This anomaly, incompatible with predictions based on reference

groups and base-rate neglect, is consistent across different socio-demographic di-

mensions (Figure 1.6).

Figure 1.6: Distribution of perceived position, by socio-demographic
characteristics

Source: Elaborated by the author using data from the GSS, years 1984 to 2018.

Notes: For each socio-demographic variable, a dot represents the average answer of households

within the same percentile in a given year. The solid lines are fitted polynomials (Epanechnikov

kernels) superposed for visual clarity.

The ISSP modules also include a question on preferences for redistribution, which

I call Q3: Some people think that the government in Washington ought to reduce
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the income differences between the rich and the poor, perhaps by raising the taxes

of wealthy families or by giving income assistance to the poor. Others think that

the government should not concern itself with reducing this income difference

between the rich and the poor. Think of a score of 1 as meaning that the govern-

ment ought to reduce the income differences between rich and poor, and a score

of 7 meaning that the government should not concern itself with reducing income

differences. What score between 1 and 7 comes closest to the way you feel?. In

Figure 1.7, I show how answers to this question highly correlate with the inverse

of the tax burden.

The survey does not include any question on how much taxes the respondent is

paying, but I use the yearly family income variable to approximate the corre-

sponding income tax in a given year. Although this measure is not exact due

to the lack of information on tax deductions, it is expected to be highly corre-

lated with the real unobserved measure. In the main analysis, I normalise it by

the maximum marginal tax rate in that year (potential maximum tax burden as

income tends to infinity). This way, I can capture the idea of the relative tax

burden, as described in the theoretical model.

The correlation between the answers to each of those three questions and the

income level can be observed in Figure 1.7. The income measure on the horizontal

axis has been rescaled for every year so that value zero corresponds to the tax-

free allowance threshold (red vertical line). One can see that the distribution

of answers to each of the three questions (blue) has an inflexion point exactly

around the tax-free allowance, which is only observed in the distribution of the

tax burden rather than on the actual distributions of percentile and distance from

the average income.

1.3.3 Empirical analysis

Exploiting the exogenous shocks to tax burdens introduced by the changes in the

income tax law, I explore the explanatory power of such a source of information

to taxpayers. I regress the perceived position (Q1) on the relative tax burden

(average tax rate on the respondent’s household income, τ(yit), relative to the

maximum possible tax rate rKt) and control for family income (yit), a recent

change in financial situation (FinChangeit), socio-demographic variables, and

year (t) fixed effects. Given that the dependent variable is an ordered scale, I

estimate the coefficients using an ordered probability model (OProbit), both as

cross-sections and as a panel with individual fixed effects (αi). The sample used
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Figure 1.7: Distribution of answers to GSS questions, by distance to personal
tax allowance

(a) Q1: Perceived distance from average family
income

(b) Q2: Perceived position in society

(c) Q3:Preference for redistributive policies

Source: Created by the author using GSS and Census data for years 1984-2018.

Notes: The blue dots and fitted polynomial in each of the three graphs represent the average

answer to three questions of the GSS detailed in previous paragraphs. In these figures, the

income of each respondent has been deducted their corresponding personal allowance according

to the Income Tax Law in place the year of each survey round. Therefore, the horizontal axis

represents the distance between the respondent’s household income and the tax-free allowance,

adjusted for inflation to 2020 US dollars. The green dashed line in graph (a) is the same

reference measure of Figure 1.4b based on the actual distance of the respondent’s household

income from the average family income. In graph (b), the green dashed line represents the

percentile of the respondent’s household income (right vertical axis). In graph (c), instead of a

measure of income position, the green line represents the income tax burden of the respondent’s

household (the proportion of income paid in taxes) on the right vertical axis.
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in the analysis excludes households above the 90th income percentile, affected by

the top coding of the income variable.

PerceivedPositionit = β1
τ(yit)

rKt
+β2 ln(yit)+β3FinChangeit+Γ

′
Controlsit+αi+εit

(1.10)

Results are shown in Table 1.1, columns 1 to 4. The first 3 columns treat the

observations as cross-sections, clustering errors by household ID. The fourth col-

umn corresponds to the panel regression. The relative tax burden has a highly

significant explanatory power for perceived position, and it is robust across spec-

ifications. Moreover, its size is not negligible: the coefficient for a percentage

point change in relative tax burden is close to the effect of an increase of family

income by one per cent. The other four columns (5 to 8) correspond to the same

regressions using Q2 as the dependent variable. In this case, the statistical signif-

icance of household income practically disappears, while the relative tax burden

remains with a very stable coefficient value and very high statistical significance

(above 99% confidence level). However, the explanatory power of the regressions

for Q2 (measured by the Pseudo R-squared) is significantly lower, reflecting that

the ambiguity of the question makes it less related to household income (people

may interpret very differently what the social ladder is based on).

Table 1.1: Effect of the relative tax burden on the perceived position

Q1: Distance from average income Q2: Position in the social ladder

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8)

Tax Burden (as % of potential maximum) 0.041*** 0.027*** 0.037*** 0.040*** 0.016*** 0.013*** 0.015*** 0.019***
(0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001)

Family Income (log, constant USD 2000) 0.252*** 0.050*** 0.047*** 0.050*** -0.036* -0.014
(0.013) (0.015) (0.015) (0.018) (0.022) (0.021)

Change in financial situation 0.364*** 0.336*** 0.132*** 0.105***
(0.008) (0.007) (0.014) (0.013)

Observations 49,379 49,379 49,042 49,217 14,515 14,515 12,333 12,360
Year FE NO NO YES YES NO NO YES YES
Demographic Controls NO NO YES NO NO NO YES NO
Household FE NO NO NO YES NO NO NO YES
Pseudo R-squared 0.0961 0.102 0.138 0.315 0.0122 0.0123 0.0275 0.306
Number of Households 3,904 2,841

Significance levels: *** p<0.01, ** p<0.05, * p<0.1. Demographic controls include age, gender, marital status, and educational level.

1.3.4 Limitations

Although the results of this section are robust to different econometric specifica-

tions and measures of the tax burden, they should be taken with caution. This

section provides some suggestive evidence of a relation between tax schedules
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and perceived distributions, but the data and context used for the analysis suffer

severe limitations. First, the income data from the GSS is encoded within income

ranges, introducing variation in income that is purely a result of changes in the

definition of such ranges with different versions of the survey used in different

years. Second, that same limitation of the income variable equally affects the

calculation of income taxes, which is also likely to introduce spurious variation in

my measure of tax burden. Third, the lack of information on tax deductions re-

duces the accuracy of the measure of tax burden. Finally, my hypothesis suggests

a reciprocal effect of taxpayers electing policies that simultaneously affect their

perception and may subsequently change their policy preferences. Since elected

politicians introduced the tax changes, those are likely to be endogenous, and it

is difficult to identify causality. Moreover, changes in the income tax law were

often just a part of broader fiscal policies affecting several taxes, and even within

the tax law, they involved changes in the number of bands, thresholds, and tax

rates, all at the same time. To accurately understand what elements of the tax

schedule are informative to taxpayers, we would need a change that only affected

either the tax-free allowance, the other tax band thresholds, or the marginal tax

rates, one at a time.

1.4 Experimental approach

To overcome the limitations presented in the previous section, I designed an

online experiment to analyse the influence of progressive tax schedules on per-

ceived income distributions. I set up a synthetic environment that tried to mimic

a real-life situation: participants had to perform some tasks from which they

earned a level of income subject to a tax. After learning their earned income and

the tax system in place, participants reported measures of perceived statistics of

the income distribution. Participants faced a tax schedule that was randomised

across treatment groups. This experiment focused explicitly on the role of tax

schedules creating progressivity (differences) in the tax burden, and compared a

proportional tax system (same flat tax rate on all incomes) with a very simple

progressive tax system with two (increasing) marginal tax rates. Therefore, this

experiment is limited to testing the main underlying assumption of the theo-

retical model: that tax systems directly impact perceived income distributions.

Further experiments will be necessary to test the specific theoretical predictions

comparing different levels of relative tax burden.

An online experiment provides the opportunity to introduce very specific changes

to the tax system applied, one at a time, holding all other variables constant.

It also allows controlling the set of information made available to respondents
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at every moment, thus ensuring a situation as close as possible to the one as-

sumed in the theoretical model. I programmed the experiment using oTree, an

open-source software for experiments and surveys created by Chen et al. (2016)

based on Python, and implemented it on Amazon Mechanical Turk with location

restricted to USA workers only. Respondents were matched to records of other 99

previous participants, creating an overall group of 100 individuals on which they

had to infer different income distribution statistics. Monetary amounts in the

experiment are expressed in Experimental Currency Units (ECU) to represent

realistic yearly income values closely. The equivalence with real-world currency

is 50,000 ECU to 1 USD. All tasks and questions are incentivised, with partici-

pants’ final payment based on their performance on the tasks and the accuracy of

their answers. A random lottery selects which questions to pay, eliciting truthful

beliefs by eliminating hedging opportunities. In addition to the amount earned

through the experiment, all participants were paid a participation fee of 0.40

USD upon completion.

All components and concepts in the experiment were tested with volunteers of

different ages and backgrounds to ensure a correct level of comprehensibility. The

experiment received internal ethical approval from the Department of Economics

at the University of Warwick and was registered at the American Economic As-

sociation’s registry for randomized controlled trials.11 Further technical details,

including the set of instructions, explanations of the reward structure chosen to

ensure the right incentives, screenshots of different sections and more, can be

found in Appendix A.1.

1.4.1 Structure of the experiment

The experiment was implemented in May 2020 and had an average duration

of approximately 12 minutes. As summarised by Figure 1.8, the experiment

has a first part where participants had to solve twelve tasks to earn their gross

income, and they were later given different pieces of information before being

asked the target questions on statistics of the perceived distribution. There were

two treated groups: one facing a proportional flat tax system and another facing

a progressive tax system with two bands. The control group saw a placebo

screen displaying a table with similar numbers but framed as a captcha12 to

prove they were not a bot and were only revealed the tax system at the end of

11The ethical approval reference is ECONPGR 05/19, and the AEA RCT ID code is
AEARCTR-0003365.

12Completely Automated Public Turing test to tell Computers and Humans Apart
(CAPTCHA).
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the experiment. After the first measures of perceived statistics were collected, all

participants saw the results of a subset of other players in their group (reference

group), and they were given the chance to modify their answers. This provides

a measure of elasticity of respondents’ beliefs to a set of information that is

objectively informative (even if partial), adding validity to the findings of this

study. This information was disclosed after treated groups had already learnt

the tax system in place and had provided an initial measure of their perceived

statistics of the income distribution.

Figure 1.8: Timeline of the experiment

Notes: Randomization is highlighted by the red arrows. Allocation to groups was also random,

and the green background boxes highlight the screens that were different for the treatment and

control groups. Orange background boxes highlight the main target questions of the experiment.

The questions asked in this experiment were:

1. Self-perceived rank (Q1): How do you think you rank among the 100

players in your group?

2. Perceived average income (Q2): What do you think was the average

income in your group (you included)?

3. Perceived position relative to the mean (Q3): With what probability

do you think your income may be above the group average?

1.4.2 Identification strategy and randomization

As Figure 1.8 shows, the experiment was designed to compare between individuals

in the control group and each of the two treatment groups. Identification was
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achieved through random allocation of participants to these three groups:

• Treatment 1 (T1): participants saw the proportional tax schedule before

being asked the target questions. The proportional tax system consisted of

a unique average tax rate for all levels of income.

• Treatment 2 (T2): participants saw the progressive tax schedule before

being asked the target questions. The progressive tax system consisted of

a tax-free allowance and a marginal tax rate above that amount.

• Control: participants saw a placebo screen instead of the tax schedule,

which was presented as a captcha to verify they were not bots. They were

aware their income would be subject to taxes at the end of the experiment,

but they were not told the exact tax system until the end.

To ensure that treated participants paid attention to the tax schedule and con-

trol individuals exerted similar effort on the placebo screen, all participants were

required to input a few pieces of information. They had to type their gross

income earned from the 12 tasks, their proportion of income paid in taxes (con-

trol individuals were asked to calculate a ratio of the two values shown in the

placebo screen), and the maximum level of income that paid zero taxes (control

individuals were asked to input the highest of the values displayed in a table).

Participants were asked to report their beliefs on the statistics Q1, Q2, and Q3

after seeing those tax schedules (or the placebo screen if in the control group).

Right after introducing these measures of beliefs, participants saw a little graph

showing the income of other nine players in their reference group and were given

the opportunity to amend their answers. In this experiment, participants were

randomly matched with one of two groups of previous records: high performing

or low performing, the latter displaying lower median and average incomes (see

Figure 1.11).

Therefore, the measures of perceived statistics on the distribution taken at first

(Xi1) were based on the participant’s own income (yi, measured in thousand

ECU), the range of possible incomes (M ∈ [0, 120]), prior personal knowledge

and biases (εi, unobservable) and, in the case of treated individuals, the infor-

mation from the tax schedule (T1 or T2). As mentioned before, after collecting

these measures, participants were shown partial information on their reference

group (gH or gL) and were allowed to modify their answers, hence reporting a fi-

nal measure Xi2(yi,M, Ti, gi, εi). Variation between individuals occurs in income

(endogenous), tax system (exogenous), and reference group (exogenous).
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Figure 1.10 depicts the distribution of tax burdens across income levels (left

graph) and the difference between gross and net incomes under each tax system

(right graph). Those earning 60, 000 ECU were taxed the same under both sys-

tems. Remember, participants in the control group did not count with any of

this information before reporting their perceived statistics and were only shown

the tax system in place and their tax due at the end of the experiment, after all

target questions had been answered.

Based on the theoretical framework proposed in Section II of this chapter, taxpay-

ers may derive information about their position from progressive tax schedules,

but they cannot do so from proportional tax systems. This is because a pro-

portional flat tax rate implies that everybody pays the same share of income

in taxes (and hence there is no difference in tax burden across income levels).

Therefore, we would expect to find significant differences between Control and

Treatment 2 (progressive tax schedule) but not between Control and Treatment

Figure 1.9: Randomized tax schedules shown to participants

(a) Flat/Proportional Tax
(Treatment 1)

(b) Progressive Tax
(Treatment 2)

(c) Placebo Captcha
(Control)

Notes: ATR stands for Average Tax Rate, applied on all gross income. MTR stands for

Marginal Tax Rate, applied only on the fraction of income that falls within each band.

Figure 1.10: Income taxes, by tax schedule

(a) Distribution of tax burdens (b) Gross vs Net incomes

Notes: Graph (a) shows the tax burden that individuals earning different levels of income faced

depending on their tax schedule, as their average tax rate (solid lines, on the left vertical axis),

or relative to the top marginal rate (dashed lines, on the right vertical axis). The solid lines

in graph (b) illustrate the differences in tax burden by plotting the net income corresponding

to each level of gross income under the two possible tax schedules. The dashed lines show the

amount of taxes paid by each level of gross income.
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1 (proportional tax system). However, if significant differences were identified

between Treatment 1 and Control, without significant differences between both

treatments, my hypothesis about the tax burden heuristic would be rejected while

confirming a role of taxes on perceived income distributions through a mecha-

nism to be further explored. On the other hand, if no statistical differences were

identified between the Control group and either of the Treatment groups, that

would indicate that income taxes are unlikely to be the main driver of the large

bias observed at the bottom of the income distribution in the GSS data.

It is important to notice that if participants suffered from representativeness

bias13, the starting bias of those above and below the mean would have the

opposite sign, potentially affecting any posterior updating of beliefs. Therefore, I

created a dummy (Hi) to differentiate effects on high-income levels with respect

to low-income levels. I defined as top half incomes from 60, 000 ECU (H =

1 if yi ≥ 60).

1.4.3 Empirical analysis

The sample of participants in the experiment consisted of 1, 535 people, dis-

tributed evenly between the three groups, as seen in Table 1.2. The percentage

in parenthesis is the proportion of participants in each cell being matched to the

high-performance group. To reduce noise, I exclude the tails of the distribution,

thus focusing on the income range [10, 100]. This reduces the sample to 1, 368

valid observations.

Table 1.2: Distribution of participants across groups, by income level

Income (thousand ECU)
0 10 20 30 40 50 60 70 80 90 100 110 120 Total

Treatment 1 33 40 63 62 71 63 53 52 33 17 14 4 3 508
(51.5%) (47.5%) (57.1%) (51.6%) (50.7%) (46%) (60.4%) (51.9%) (51.5%) (35.3%) (57.1%) (50%) (66.7%) (51.8%)

Treatment 2 59 58 36 61 66 50 58 45 55 22 12 5 1 528
(42.4%) (50%) (44.4%) (54.1%) (47%) (46%) (50%) (55.6%) (58.2%) (63.6%) (50%) (0%) (100%) (50%)

Control 51 49 39 47 66 60 72 46 31 16 11 10 1 499
(56.9%) (51%) (48.7%) (46.8%) (54.5%) (53.3%) (52.8%) (39.1%) (41.9%) (56.3%) (36.4%) (70%) (0%) (50.5%)

Total 143 147 138 170 203 173 183 143 119 55 37 19 5 1535
(49.7%) (49.7%) (51.4%) (51.2%) (50.7%) (48.6%) (54.1%) (49%) (52.1%) (52.7%) (48.6%) (47.4%) (60%) (50.7%)

Notes: In each cell, the number on the top is the number of individuals with that income level
in a given treatment group. The percentage in parenthesis is the proportion of those who were
matched to the high-performing reference group.

For the first measures of perceived statistics of the distribution (Xi1), participants

only knew the set of tasks, their gross earned income (yi) and, treated individuals,

the tax system (T1 or T2). In the regression analysis, income effects are allowed to

13The consequence of the representativeness bias in this context would be that agents believe
they are more representative of the population than they are, hence underestimating their
distance from the average income.
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be non-linear by using a set of dummies (C), and the control group is used as the

base category, adding dummies for each treatment group. I also add the dummy

(Hi) for the top half of the income range included in the analysis (yi ≥ 60) inter-

acted with the treatment dummies. For individuals in Treatment 2 (progressive

tax schedule), the dummy for the top half of the income distribution also captures

the effect of the relative tax burden (higher on the top half). Notice that the

income dummies already absorb any differences between the lower and top half

of the income range in the control group. The set of socio-demographic controls

(Wi) added to the regression are age, education level, previous experience filing

taxes, and the quintile of the USA income distribution they believe to belong to

in real life. Moreover, the measures of relative position (self-perceived percentile

and perceived probability of being above the mean) are likely to be affected by the

perceived average income. Therefore, I run an additional specification for those

two regressions, controlling for perceived average income (ỹi). This specification

allows testing whether the tax has a direct impact on the perceived position, as

suggested by the tax burden heuristic, or all the effect goes through an update

on the whole perceived distribution (reflected by the change in perceived mean).

Continuous variables are used in natural logarithms so that the coefficients can

be interpreted as percentage changes. The estimation equation is:

lnXi1 = θ0 + Θ′11{Ti}+ Θ′21{Ti ×Hi}+ [θ3 ln ỹi] + Θ′4Ci + Θ′5Wi + εi (1.11)

Table 1.3 shows the results of the ordinary least squares (OLS) regressions for

the first measures of perceived statistics of the income distribution. None of

the three measures (Q1, Q2, Q3) shows any statistically significant difference

between either of the treated groups and the control group. Nevertheless, the

sign of the coefficients is consistent across specifications, and it is the opposite

for each treatment (T1, T2). Individuals facing the flat tax system seem to perceive

themselves at a slightly higher percentile than those in the control group if their

income is in the bottom half (yi < 60), and slightly lower if their income is in

the top half (yi ≥ 60). On the other hand, individuals facing the progressive

tax system seem to believe to be at a slightly lower percentile than those in the

control group only if their income is below 60, 000 ECU.

Since participants were allowed to modify their answers after seeing the summary

of incomes of other members in their group, I ran the same regression with those

final amended measures, incorporating the new set of information. Given that

all three groups (T1, T2 and Control) saw the partial summary statistics of the

income distribution of their reference group at the same point in the experiment,
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Table 1.3: Impact of tax schedules on perceived rank and average income (first
measure)

Q2: Mean Income Q1: Percentile Q3: Pr(yi > ỹ)

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8)

Flat Tax System (T1) -0.070 -0.078 0.014 0.024 0.004 0.062 0.078 0.044
(0.051) (0.050) (0.068) (0.065) (0.064) (0.117) (0.111) (0.108)

Progressive Tax System (T2) 0.026 0.021 -0.081 -0.103 -0.098 -0.020 -0.053 -0.044
(0.049) (0.048) (0.073) (0.070) (0.069) (0.124) (0.116) (0.114)

Flat Tax × Top Half (T1 ×Hi) 0.064 0.080 -0.080 -0.097 -0.076 -0.100 -0.136 -0.101
(0.061) (0.061) (0.086) (0.086) (0.084) (0.137) (0.135) (0.131)

Prog. Tax × Top Half (T2 ×Hi) -0.007 -0.005 0.052 0.094 0.093 -0.075 0.011 0.009
(0.058) (0.059) (0.089) (0.088) (0.086) (0.147) (0.142) (0.140)

Perceived mean income (ln ỹi) -0.259*** -0.437***
(0.051) (0.093)

Observations 1,368 1,363 1,368 1,363 1,363 1,368 1,363 1,363
R-squared 0.297 0.306 0.122 0.171 0.198 0.206 0.275 0.301
Income Dummies YES YES YES YES YES YES YES YES
Socio-Dem. Controls NO YES NO YES YES NO YES YES

Robust standard errors in parenthesis. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
Notes: Socio-demographic controls include age, gender, employment status, and educational
level. The first two columns report coefficients for the regressions of the perceived average in-
come (Q2). The dependent variable in columns 3 to 5 is the perceived income percentile (Q1).
The final three columns correspond to the regressions of the perceived probability of being
above the average income (Q3). The coefficients of the income dummies and control variables
have been removed from this output table (vectors Θ′

4 and Θ′
5 in Equation 1.11).

it is impossible to differentiate how much of the change between both measures

results merely from realising they had introduced a wrong amount at first, and

how much was a result of the disclosed results of other participants. For that

reason, the most relevant regression will be one using the final measure only, after

participants were allowed to correct their initial answers. Nevertheless, I include

the regression on the correction (updating) process for robustness.

Participants were shown a summary of the performance of other nine players

in their reference group, which could be a low-performing or a high-performing

group. The two first graphs from the left in Figure 1.11 correspond to those

pieces of information participants received. The low-performing reference (left)

has the income level of nine players, with a median value 50, 000 and mean 54, 444

ECU. The summary of the high-performing group (centre), on the other hand,

has a median value 70, 000 and mean 64, 444 ECU. The last graph in the same

figure shows the distribution of the reported perceived average income in the first

set of questions (before seeing the group information). Answers follow a normal

distribution centred around 52, 500 ECU. Fifty per cent of respondents reported

a prior belief for the average income below the mean of the lower reference group,

while the number of participants with a prior belief below the mean income of

the higher reference group was substantially larger, up to seventy per cent.
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Figure 1.11: Reference groups and prior perceived average income

(a) Lower Group (Ri = 0) (b) Higher Group (Ri = 1) (c) Distribution of perceptions

Notes: The partial distributions in (a) and (b) are the pieces of information about other

participants’ performance that players were shown after submitting their initial set of answers.

Chart (c), on the other hand, summarises the distribution of initial answers about the perceived

average income, with mean value at 37.6 thousand ECU.

Participants were given a chance to modify their initial answers after seeing this

new piece of information. If participants were to update their beliefs merely based

on the new piece of information, and given the distribution of initial answers

(with an average estimated mean income below 40, 000 ECU), we would expect

a statistically significant positive change in perceived mean (Q2) for respondents

matched to either group, though larger for those with the higher reference group

(Ri = 1), with no differences between control and treated groups. The sign of the

coefficients should be the exact opposite for the measures of perceived position

(Q1 and Q3).

Nevertheless, I already mentioned that giving participants the opportunity to

correct their answers may cause changes that respond to other factors than the

new piece of information. Most of them are unobservable, but I can control for

the information they saw previously (treatment group). Therefore, I regress the

changes to the reported measures, denoted by 4Xi = ln(Xi2
Xi1

). As defined in the

estimation equation 1.12, I control for mean reversion by adding the initial mea-

sure Xi1 in natural logarithms, add treatment dummies for changes uncorrelated

with the reference group, and interact the treatment and reference group dum-

mies with the dummy for the top half values of the income range (Hi) to allow

for differential effects on high and low incomes. To identify the direct impact of

tax systems on perceived rank, I control for changes in perceived average income

too, 4ỹi = ln( ỹi2
ỹi1

). As in Equation 1.3, Ci is the set of income dummies, and Wi
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the set of controls. Results of this set of OLS regressions are shown in Table 1.4.

4Xi = γ0 + γ1 lnXi1 + Γ′21{Ti}+ Γ′31{Ti ×Hi}

+ γ4Ri + γ5{Ri ×Hi}+ [γ64 ỹi] + Γ′7Ci + Γ′8Wi + εi (1.12)

Table 1.4: Impact of reference groups on perceived rank and average income
(change)

Q2: 4 Mean Income Q1: 4Percentile Q3: 4Pr(yi > ỹ)

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8)

Prior Belief -0.258*** -0.266*** -0.207*** -0.217*** -0.202*** -0.197*** -0.219*** -0.204***
(0.045) (0.045) (0.024) (0.024) (0.024) (0.026) (0.027) (0.027)

Flat Tax System (T1) 0.096*** 0.093*** -0.052 -0.052 -0.016 -0.169** -0.164** -0.100
(0.026) (0.026) (0.042) (0.042) (0.040) (0.069) (0.068) (0.071)

Progressive Tax System (T2) 0.103*** 0.102*** -0.012 -0.010 0.022 -0.243*** -0.246*** -0.190**
(0.027) (0.026) (0.044) (0.043) (0.042) (0.078) (0.078) (0.079)

Flat Tax × Top Half (T1 ×Hi) -0.107*** -0.108*** 0.070 0.072 0.031 0.142 0.139 0.066
(0.031) (0.032) (0.053) (0.053) (0.051) (0.087) (0.087) (0.089)

Prog. Tax × Top Half (T2 ×Hi) -0.136*** -0.141*** 0.045 0.048 0.001 0.157 0.171* 0.091
(0.031) (0.032) (0.054) (0.053) (0.052) (0.101) (0.102) (0.103)

Higher Reference Group (Ri) 0.055** 0.054** -0.111*** -0.117*** -0.100*** -0.096 -0.104 -0.074
(0.022) (0.022) (0.037) (0.037) (0.036) (0.064) (0.063) (0.061)

Higher Ref. Group × Top Half (Ri ×Hi) 0.103*** 0.098*** -0.049* -0.040 -0.007 -0.185*** -0.179*** -0.118**
(0.014) (0.014) (0.028) (0.028) (0.029) (0.049) (0.050) (0.050)

Change of perceived mean income (4ỹi) -0.322*** -0.574***
(0.068) (0.150)

Observations 1,368 1,363 1,368 1,363 1,363 1,368 1,363 1,363
R-squared 0.259 0.274 0.156 0.164 0.201 0.126 0.142 0.181
Income Dummies YES YES YES YES YES YES YES YES
Socio-Dem. Controls NO YES NO YES YES NO YES YES

Robust standard errors in parenthesis. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
Notes: The regressions in this table have the change in the reported statistics as dependent
variables. That is, the log-difference between the initial value reported and the final value sub-
mitted when individuals were offered the opportunity to amend their answers after seeing the
scores of a subset of other 9 participants in their group. The first two columns report coef-
ficients for the regressions on the change in perceived average income (Q2). The dependent
variable in columns 3 to 5 is the change in perceived income percentile (Q1). The final three
columns correspond to the regressions of the change in perceived probability of being above
the average income (Q3). Socio-demographic controls include age, gender, employment status,
and educational level.

Individuals in the lower half of incomes of both treated groups increased their

perceived average income (columns 1 and 2) by around 10% more than control

individuals. Among individuals in the higher half of incomes, those facing the

progressive system (T2) reduced their perceived mean by a statistically significant

3% compared to the control group, while there weren’t significant differences be-

tween those facing the proportional system (T1) and the control group. Moreover,

individuals seeing the summary for the higher-performing reference group signif-

icantly increased their perceived average income (Q2) by another five per cent,

and the magnitude of such increase was 10 percentage points larger for those in

the top half of the income range (see interaction term Ri×Hi). Seeing summary

information from the higher-performing reference group also had a negative and
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statistically significant impact on the perceived percentile (Q1) and the proba-

bility of being above the mean (Q3). Changes in perceived percentile, however,

do not significantly differ between control and treated individuals. Significant

differences between Control and Treated groups arise in the other measure of

position (Q3). Individuals facing the flat tax system (T1) reduced their perceived

probability of being above the mean, although its significance level drops after

controlling for the actual update on the perceived average income level. Individ-

uals facing the progressive tax system (T2), on the other hand, also significantly

reduced their perceived probability to be above the mean, and such change re-

mains statistically significant after controlling for the actual change in perceived

average income level (column 8). This means that the change in perceived po-

sition of those in Treatment 2 went beyond what can be explained through the

change in perceived average income.

The last set of answers is likely to report the respondent’s beliefs more accurately,

and having a richer set of information is likely to reduce variance. Therefore,

the last regression is the most relevant to confirming tax schedules’ influence

on perceived income distributions and perceived position. Equation 1.13 aims

to identify the causal impact of tax systems and reference groups on perceived

average income, perceived percentile, and perceived position relative to the mean:

Xi2 = λ0 + Λ′11{Ti}+ Λ′21{Ti ×Hi}+ λ31{Ri}

+ λ41{Ri ×Hi}+ [λ5 ln ỹi] + Λ′6Ci + Λ′7Wi + εi (1.13)

Effectively, Table 1.5 confirms a significant impact of the progressive tax system.

First, columns 1 and 2 (Q2) confirm that the progressive tax system had a signif-

icant impact on the average income perceived by lower-income individuals (most

of which are within the tax-free allowance), while the flat tax system did not

generate significant differences in Q2 compared to the control group. Individuals

with incomes below 60, 000 ECU in Treatment 2 (progressive tax) perceived an

average income level in their reference group 12% larger than those in the Control

group and 8% larger than those in the Treatment 1 group (flat tax). Columns

6 to 8 also confirm that the progressive system had a statistically significant

impact on the perceived position with respect to the average income, which is

the most relevant information according to classical models of preferences for

redistribution, where individuals below the average income have incentives to

support redistributive policies since they would benefit from them. Compared to
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control individuals, those facing the progressive tax system believed they were

nearly 25% less likely to be above the mean if their income was in the bottom

half, although the impact is only half that magnitude on individuals with higher

incomes (yi ≥ 60, 000 ECU), controlling for socio-demographic characteristics.

The impact of the progressive tax system on the perceived probability of be-

ing above the mean remains above 90% confidence level after controlling for the

perceived average income level, which could indicate taxpayers assessed their po-

sition relative to the average income by using the tax burden heuristic. Columns

3 to 5, however, do not show statistical significance for either treatment effect,

and therefore the regression fails to reject that the tax system had no impact in

shaping the perceived income rank (percentile) of taxpayers.

Table 1.5: Impact of tax schedules on perceived rank and average income (final
measure)

Q2: Mean Q1: Percentile Q3: Pr(yi > ỹ)

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8)

Flat Tax System (T1) 0.045 0.036 -0.041 -0.033 -0.023 -0.119 -0.103 -0.083
(0.048) (0.046) (0.069) (0.067) (0.065) (0.121) (0.114) (0.111)

Progressive Tax System (T2) 0.123*** 0.117*** -0.077 -0.091 -0.058 -0.259** -0.287** -0.223*
(0.046) (0.044) (0.075) (0.071) (0.071) (0.128) (0.119) (0.117)

Flat Tax × Top Half (T1 ×Hi) -0.058 -0.048 0.007 -0.005 -0.018 0.064 0.034 0.008
(0.057) (0.057) (0.086) (0.086) (0.084) (0.144) (0.140) (0.136)

Prog. Tax × Top Half (T2 ×Hi) -0.139** -0.143*** 0.087 0.121 0.081 0.100 0.181 0.104
(0.055) (0.054) (0.090) (0.088) (0.088) (0.153) (0.149) (0.146)

Higher Reference Group (Ri) 0.058 0.058 -0.122** -0.123** -0.107* -0.080 -0.088 -0.057
(0.037) (0.036) (0.059) (0.057) (0.056) (0.101) (0.095) (0.094)

Top Half × Higher Ref. Group (Hi ×Ri) 0.085*** 0.080*** -0.058 -0.035 -0.012 -0.223*** -0.195*** -0.152**
(0.024) (0.025) (0.042) (0.044) (0.044) (0.066) (0.071) (0.070)

Perceived mean income (ln ỹi) -0.282*** -0.544***
(0.060) (0.096)

Observations 1,368 1,363 1,368 1,363 1,363 1,368 1,363 1,363
R-squared 0.239 0.251 0.208 0.250 0.274 0.271 0.335 0.362
Income Dummies YES YES YES YES YES YES YES YES
Socio-Dem. Controls NO YES NO YES YES NO YES YES

Robust standard errors in parenthesis. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
Notes: The first two columns report coefficients for the regressions on the perceived average
income (Q2). The dependent variable in columns 3 to 5 is the respondents’ perceived income
percentile (Q1). The final three columns correspond to the regressions of the perceived proba-
bility of being above the average income (Q3). Socio-demographic controls include age, gender,
employment status, and educational level. The coefficients of the control variables and the in-
come dummies are not included in this table.
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1.5 Conclusion

This research project aims to fill a relevant existing gap in the literature of redis-

tributive preferences. Its initial results, despite its limitations, seem to demon-

strate that tax systems play a role in shaping perceived income distributions and,

as a result, may influence support for redistributive policies by biasing taxpayer

perceptions.

The initial exploratory analysis using the longitudinal survey GSS in the United

States and exploiting quasi-experimental variation from tax law changes shows

a systematic inflexion in perceived position for households with incomes below

the tax-free allowance. This paper presents a rational framework to explain why

taxpayers may infer signals from tax systems using the most salient information:

their own tax burden and the maximum possible tax rate in the system. A similar

reasoning could be used to develop a model with different reference points. For

example, one where taxpayers at the bottom of the distribution used the tax-free

allowance as a reference, while taxpayers at the top of the distribution used the

top threshold as a reference.

Despite requiring large sample sizes to ensure enough statistical power to iden-

tify small effects, online experiments provide a synthetic environment where the

different key elements of tax schedules can be tested one at a time. My exper-

iment, using a large number of participants to compare two very different tax

systems, revealed statistically significant differences in perceived income distri-

butions of individuals facing a proportional flat tax system compared to those

facing a progressive tax system. On average, individuals facing the progressive

tax system believe they are between 10% and 25% less likely to be above the

average income than those in the control and flat tax system groups. Moreover,

the effect remains significant at the 10% confidence level and with a fairly stable

value even after controlling for differences in the perceived average income value.

At the same time, the perceived average income is significantly higher (+12%)

for low-income individuals facing the progressive tax system than for those in

the control and flat tax groups. These findings seem to indicate that tax sys-

tems influence perceptions of relative position as well as overall distributions of

income. On the other hand, however, differences in perceived percentile were not

significant, hence challenging the robustness of the findings.

Despite its limitations, the conclusions of this paper are of relevance to the

literature in redistributive preferences, contributing to solving the inequality-

redistribution puzzle. My results suggest that taxpayers use tax information to

31



create their beliefs on income distributions and their position within those. Fur-

ther research is needed to gain a better understanding of the mechanism behind

the impact of progressive tax systems on perceived income distributions, as well

as the role of income tax credits and different tax rebates, which were not con-

sidered in this study. If posterior studies confirmed the existence of the proposed

tax burden heuristic, it would highlight the risks of misinformed voters. If tax

systems themselves contribute to biasing perceptions of citizens, it is of utmost

importance to provide accurate information to taxpayers on their true position

in the distribution so they can correctly assess what policies would be of most

benefit to them. Otherwise, by reducing the highest marginal tax rates as it

happened during the second half of the 20th century, taxpayers at the lower end

of the income distribution saw their tax burden get closer to the maximum tax

rate, potentially inducing a biased overestimation of their position relative to the

average family income. This, at the same time, could translate into lower sup-

port for redistributive policies, hence increasing support for the tax reduction on

high incomes that caused the bias in the first place, and leading to a continued

reduction of progressivity in income tax schedules.
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2 Tax incidence in online markets: Pass-through of

the sugar tax on Amazon UK

2.1 Introduction

According to NHS data, nearly two-thirds of adults in England were overweight

or obese in 2018, a condition directly accountable for 11,117 hospital admissions

in that year (Health and Social Care Information Centre, 2020). It is estimated

that overweight and obesity-related health conditions cost the NHS over six bil-

lion pounds per year (Public Health England, 2017). Obesity is not only respon-

sible for thousands of deaths each year but also increases the risk of developing

certain types of cancer, heart diseases, and type 2 diabetes. Consumption of

sugary drinks has been found to be highly correlated with the increase in obesity

experienced by western economies in the last decades and is directly associated

with several chronic diseases (WHO, 2015b). To tackle this, the World Health

Organisation issued recommendations on the use of fiscal policies to increase

the prices of sugary drinks and reduce their current consumption levels (WHO,

2015a, 2016). In addition to collecting revenues that can be spent on public

health policies, an argument in favour of taxing beverages with high sugar con-

tent is that people do not internalise the health costs (to themselves and to the

health system) of consuming unhealthy drinks. By introducing a tax that ac-

counts for such externalities, consumers’ final purchase decisions would be closer

to the social optimum (Allcott et al., 2019b).

According to basic microeconomic theory, prices should increase in response to

the introduction of a tax and, consequently, consumption would decrease. The

level to which prices and consumption respond to the new tax depends on the

elasticities of demand and supply and the degree of market concentration. It is

important to notice that those variables differ across purchasing channels, types of

drinks, and package sizes. In a perfectly competitive setting, prices should change

by an amount smaller than the tax or, in the presence of constant marginal costs,

equal to it (full pass-through). In imperfectly competitive markets, however,

taxes could be over-shifted as well as partially passed through to prices, depending

on the curvature of the demand function and the level of market concentration

(Weyl and Fabinger, 2013). Overall, higher elasticity of demand and higher

competition reduce pass-through, while higher elasticity of supply increases it.

Finally, the impact on prices and consumption will also depend on the type of tax:
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an ad-valorem tax is less likely to be over-shifted than an excise tax (Delipalla

and Keen, 1992; Bonnet and Réquillart, 2013).

In the last years, a growing number of countries introduced taxes targeting un-

healthy drinks.1 In Europe, most countries opted for a volumetric excise tax

charged per litre, with the exception of Spain, where the government increased

the value-added tax (VAT) on all sweetened drinks in January 2021. Belgium, Es-

tonia, Finland2, Latvia, Norway, and Portugal implemented excise taxes on both

sugar and artificially-sweetened beverages, while Hungary, Ireland, the Spanish

region of Catalonia, and the United Kingdom (UK) adopted excise taxes only

affecting sugar-sweetened beverages (SSB).

Under the name Soft Drinks Industry Levy (SDIL), the UK introduced a tax on

soft drinks containing more sugar than 5 grams (g) per 100 millilitres (ml) on

the 6th of April 2018, with a higher tax on beverages with sugar content above

8g/100ml, similar to the tiered systems implemented in Catalonia, Estonia, and

Ireland. The policy was conceived as an incentive to encourage producers to

reduce the sugar contents of their drinks. The new law was announced with two

years notice to allow manufacturers enough time to reformulate their beverages

and avoid being subject to the tax. This was in contrast with the approach of

many other countries that relied mainly on the expected effect of price changes

on consumption. Although many producers did indeed reformulate their drinks

to reduce sugar contents, the two market leaders (Coke and Pepsi) did not, which

emphasises the importance of pass-through as a price mechanism to disincentivise

consumption (Bandy et al., 2020).

Given that the theoretical literature on tax pass-through describes scenarios un-

der which under-shifting and over-shifting may occur, the actual proportion of

taxes on sugary drinks that is passed on to consumer prices remains an empirical

question. Moreover, the level of pass-through is a key statistic necessary to make

projections on expected changes in consumption and tax revenues prior to imple-

mentation, and one that should be incorporated in optimal tax calculations that

so far assume full pass-through (Allcott et al., 2019b). Similarly, simulation stud-

ies using structural demand models to predict the impact of the British SDIL in

the UK have often assumed that taxes would be fully passed on to prices (Briggs

et al., 2013; Tiffin et al., 2015; Dubois et al., 2020). However, the only two exist-

ing studies empirically evaluating the effect of the SDIL on prices ex-post have

very diverging results. Scarborough et al. (2020) used data from on-the-go pur-

1A summary table containing a full list of countries that introduced taxes on soft drinks
before February 2021 can be found in Appendix B.1, TableB.1.

2The tax on soft drinks in Finland was removed in 2017.
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chases and found that prices of drinks in the higher tier only increased by around

half the amount of the tax, while those in the lower tier did not change prices

at all. O’Connell and Smith (2020), on the other hand, used prices listed by the

biggest supermarket chains and found a full pass-through on sugary drinks in both

tiers. Evaluations of the soda tax in France also yielded estimates ranging from

a very low pass-through of around 39% (Etilé et al., 2018) to a full pass-through

(Berardi et al., 2016; Capacci et al., 2019). Studies on Mexico’s excise tax on

sugary drinks introduced in 2014 seemed to more consistently find over-shifting

of the tax on prices of carbonated drinks with pass-through estimates between

112% and 140%, and under-shifting on non-carbonated drinks (Colchero et al.,

2015; Grogger, 2017; Campos-Vázquez and Medina-Cortina, 2019). Such het-

erogeneity across product categories, with carbonated SSB experiencing a larger

pass-through than non-carbonated SSB, was also found in France and Berkeley,

USA (Falbe et al., 2015; Berardi et al., 2016; Silver et al., 2017; Capacci et al.,

2019). Other studies in the United States of America (USA) also identified dif-

ferences when the tax only applies to a small jurisdiction like Berkeley, resulting

in a lower pass-through than when the affected area is larger like the states of

Washington and Philadelphia, highlighting the importance of cross-border com-

petition (Rojas and Wang, 2017; Bollinger and Sexton, 2018; Cawley et al., 2020;

Seiler et al., 2021). Finally, pass-through has also been found to vary depending

on container size, with prices of single-serving sizes increasing by a larger fraction

of the tax than those of family-size containers (Colchero et al., 2015; Cawley and

Frisvold, 2017; Powell et al., 2020).

To the best of my knowledge, this is the first paper estimating the pass-through

of sugar taxes specifically in the online retail market, which accounts for an

increasing share of the groceries market and has specific features that can result in

different tax pass-through compared to physical stores. On the one hand, online

consumers are more likely to be middle-aged and higher income, groups that tend

to exhibit lower price elasticity. On the other hand, comparing prices between

stores is less costly from a computer browser than walking from one shop to

another. However, entry barriers for new sellers may be higher in digital markets

than offline since smaller shops and producers are very unlikely to show in the top

results of search engines, resulting in more concentrated markets. Learning about

the impact of these features on purchasing behaviour is of increasing relevance

as online channels expand their market share.

According to ONS data3, internet food retail sales in the United Kingdom in-

3Retail Sales Index internet sales monthly series published by the Office of National Statistics
(ONS).
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creased significantly over the last 12 years, and the COVID-19 pandemic sub-

stantially boosted those numbers. Already before February 2020, internet sales

value accounted for 20% of all retailing (excluding automotive fuel), with a quar-

ter of it belonging to predominantly food stores. The UK is the leading country

in online grocery sales in the European Union4, which makes it the best case

to separately analyse the specific responses of online markets to tax changes. A

priori, the expected differences in tax pass-through between online and tradi-

tional retailers are not obvious. On one side, the profile of people most likely

to purchase groceries online (25-44 years old and higher income) usually exhibits

lower price elasticity than consumers of other age groups or lower income. On

the other hand, online search costs are lower than offline, making it easier for

the consumer to compare prices between suppliers and thus increasing demand

elasticity, even though the number of suppliers online is limited, with only the

biggest grocery chains offering this service (higher market concentration).

Using web-scraped daily prices for beverages listed on Amazon UK during the

year prior and one year after the introduction of the Soft Drinks Industry Levy

in the UK, I created a panel with 134 items, including water, carbonated SSB,

sugar-free alternatives, milk and juices. Using milk and water as control groups,

I estimate a full pass-through on prices of beverages affected by the tax and

some general equilibrium effects that spill over their direct sugar-free alternatives.

Furthermore, I analyse heterogeneity between three categories affected by the

tax - cola drinks, energy drinks and other flavoured sodas - which differ in their

level of consumer price elasticity and market concentration. The estimated pass-

through is higher for the categories of drinks facing less elastic demand and with a

higher market concentration, as predicted by the theoretical model. Over-shifting

is observed for cola-flavoured drinks, while prices of energy drinks and other

flavoured sodas experience a lower pass-through. I also explore heterogeneity

across sizes and find that the sugar tax was not as effective in increasing prices of

the biggest container sizes (1 litre or more). Medium sizes (between 360ml and

999ml) exhibit the largest pass-through.

This paper contributes to three main strands of research. First, to the growing

literature evaluating the use of fiscal policies to reduce non-communicable dis-

eases. This is the first study to explicitly evaluate the pass-through of a sugar

tax using a unique dataset of prices from a purely online retailer. My findings

corroborate those of O’Connell and Smith (2020) regarding the pass-through of

4According to the Kantar Worldpanel, online grocery sales in the UK account for 7.2% of
the global online grocery sales value in the European Union for 2017/2018. Data accessible at:
https:// www.statista.com/ statistics/ 614717 .
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the SDIL in the UK and swell the list of papers identifying full pass-through of

sugar taxes to prices of carbonated drinks, with over-shifting on specific categories

and container sizes. Second, the link between the results of this paper and the

theoretical predictions of a model with differentiated products under oligopoly

is of relevance to the literature of industrial organisation analysing pass-through

under imperfect competition with untaxed substitute goods. Third, the analysis

of a purely online retailer and the comparison of my results to those from simi-

lar studies using data from retailers with brick-and-mortar stores contributes to

the strand of research documenting differences between online and offline pricing

strategies. Such comparison provides relevant insights on how pricing strategies

of firms selling through both channels may change as the share of their revenues

coming from online sales increases.

The remainder of the paper is structured as follows: Section II describes the

introduction of the British Soft Drinks Industry Levy in detail; Section III reviews

the theory of tax incidence and discusses the differences between online and offline

markets that could affect pass-through; Section IV provides detail on the data

used and the empirical analysis; Section V concludes.

2.2 The Soft Drinks Industry Levy

The Soft Drinks Industry Levy (SDIL) is a volumetric excise tax levied on soft

drinks containing at least 5 grams (g) of sugar per 100 millilitres (ml). It came

into effect on 6th April 2018 and excluded drinks with ≥ 75% of milk, milk

replacements, alcohol replacements, pure fruit juices, liquid flavouring, powder

drinks, drinks prepared in opened containers, baby foods, and total diet replace-

ments. Drinks made by small producers were also exempt.5 The amount of the

tax per litre of drink is 18 pennies on beverages containing between 5 and 8 grams

of sugar per 100 millilitres, and 24 pennies on drinks with 8 grams or more of

sugar per 100ml, incremented by the proportional 20 per cent of Value Added

Tax (VAT). This results in 21.6 pennies per litre on beverages in the lower tier

and 28.8 pennies per litre on drinks in the higher tier. It is equivalent to a tax

of up to 4.32 sterling pounds per kilogram of sugar.

The then chancellor George Osborne announced this policy in March 2016, giving

producers two years to reformulate their drinks in order to avoid the tax. On

the news release on 5th April 2018 announcing the levy was coming into effect

the day after, the HM Treasury reported that 50 per cent of manufacturers had

5More details on the SDIL can be found online at https:// www.gov.uk/ topic/ business-tax/
soft-drinks-industry-levy [last accessed on 17th July 2021].
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Table 2.1: Tiers of the Soft Drinks Industry Levy

Sugar content SDIL VAT Total Tax Total Tax on
(per 100 ml) (per litre) (+20%) (pennies / litre) a can of 330ml

Tax free < 5g 0 p 0p 0p 0p

Lower tier 5g to 8g 18p 3.6p 21.6p 7p

Higher tier ≥ 8g 24p 4.8p 28.8p 9p

Notes: All monetary amounts are in pennies (cents of one sterling pound).

already reduced the sugar content of their drinks.6 Scarborough et al. (2020) also

reported a relevant reduction in the number of drinks with sugar levels above the

tax threshold between the time of announcement and April 2018, and even a

larger reduction after the tax came into effect. The proportion of soft drinks

over 5g of sugar per 100ml in their dataset decreased from above 50 per cent in

September 2015 to less than 20 per cent in February 2019, while the proportion

of soft drinks in their control group remained fairly stable. Bandy et al. (2020)

also found that by 2018 six of the top ten soft drinks producers had modified

the sugar content of 50 per cent of their products initially above the threshold

set by the SDIL. However, the two leading brands, Coke and Pepsi, did not

reformulate their best selling drinks, and neither did Red Bull, which took the

lead in the category of energy drinks after Lucozade experienced a severe drop in

sales following reformulation to cut the sugar content of its drinks.7 Despite the

reformulation of many sugar-sweetened beverages (SSB), more than a quarter of

all available products in the two most popular carbonated categories (cola drinks

and energy drinks) still contain high sugar levels.8

Another relevant aspect of the levy that differs from other countries’ is that the

tax becomes payable at the point after production when it is made available for

sale (or free of charge) for the first time, rather than at the retail sale to final

consumers. For drinks packaged in the UK, the packager must report and pay

the levy, while if the drinks are imported from abroad, the responsibility falls on

the importer. Therefore, drinks that were packaged or brought to the UK before

the 6th of April 2018 are not liable. This means that sellers holding larger stocks

or slower stock rotation of liable products may have been able to sell tax-free for

some time until they had to refill their stock. As a consequence, pass-through of

the tax may not be fully observed until a few weeks or months later. Moreover,

the fact that the tax is levied on manufacturers implies that pass-through occurs

6The full news release can be found on https:// www.gov.uk/ government/ news/
soft-drinks-industry-levy-comes-into-effect [last accessed on 24th August 2020].

7Data from Kantar Media Computer-assisted web interviews 2018-2020. Sales of Lucozade
recovered in subsequent years.

8Information extracted from the annual Soft Drinks Review (2018) published by Britvic.
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in two steps, from manufacturer to retailer and from retailer to final consumer,

introducing double marginalisation due to double mark-up adjustment, which is

predicted to decrease pass-through compared to a market with vertical integration

or a tax levied directly on consumers (Hong and Li, 2017).

2.3 Theoretical framework

The literature on sugar tax incidence has most often focused on partial equilib-

rium analysis, disregarding general equilibrium considerations. While taxes on

non-alcoholic beverages only affect a tiny fraction of total household expendi-

ture and are unlikely to have significant income effects, there is some evidence

of substitution and complementarity between sugar-sweetened drinks and other

beverages and food (Allcott et al., 2019a). Therefore, neglecting the general

equilibrium effects of the tax may lead to biased estimations of consumer wel-

fare (Kotlikoff and Summers, 1987; Goulder and Williams III, 2003). In this

section, I revisit the most relevant theoretical models of tax pass-through and

discuss the specific characteristics of online grocery shopping that can influence

the proportion of the tax that is passed through to prices.

2.3.1 Partial equilibrium under perfect competition

In the simplest partial equilibrium setting, following Jenkin (1872) for tax inci-

dence analysis under perfect competition (c), one can reach an expression for tax

(τ) pass-through (ρ) to prices (p) as a function of the elasticity of demand (ηD)

and elasticity of supply (ηS).

Consider a tax (τ) levied on sellers, as in the case of the SDIL. The new equi-

librium condition will be D(p) = S(p − τ), where D and S are the demand

and supply functions, respectively. Differentiating with respect to the tax and

rearranging9 yields:

ρc =
dp

dτ
=

ηS
ηS + ηD

=
1

1 + ηD
ηS

(2.1)

Therefore, in perfectly competitive markets, pass-through will depend uniquely

on the ratio between the elasticities of demand and supply. A perfectly elastic

demand (ηD → ∞) will yield zero pass-through (as with a perfectly inelastic

supply), while a perfectly elastic supply (ηS →∞) would result in a full (100%)

9Using the equivalences ηD ≡ −(D′p/Q) and ηS ≡ S′p/Q. Note that for the entirety of this
section, ηD defines the elasticity of demand in positive terms.
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pass-through of the tax to prices (as with a perfectly inelastic demand). Any

combination of imperfectly elastic supply and demand curves will yield a partial

tax pass-through (between zero and one), with a larger burden falling on the side

with the lowest elasticity.

2.3.2 Partial equilibrium under imperfect competition

In the presence of imperfect competition (m), convex demand curves can produce

a pass-through greater than 100%, which is known as over-shifting (ρ > 1).

Following Weyl and Fabinger (2013) and building on the analysis of pass-through

under a monopoly by Bulow and Pfleiderer (1983), one can reach the expression

for pass-through under monopolist supply as in Equation 2.2, where ηms repre-

sents the elasticity of the inverse marginal surplus function (a measure of the

curvature of demand):

ρm =
1

1 + ηD−1
ηS

+ 1
ηms

(2.2)

The curvature of demand will be log-convex if ηms < 0 and log-concave if ηms >

0. For the specific case of constant elasticity of demand, ηms equals −ηD and,

therefore, one can reach a new expression that has two additional terms compared

to Equation 2.1, which reduce the size of the denominator:

ρm =
1

1 + ηD−1
ηS
− 1

ηD

=
1

1 + ηD
ηS
− 1

ηS
− 1

ηD

(2.3)

Since ηD is always greater than 1 at the optimum under monopoly, (ηD−1)/ηS is

positive, and there will be overshifting whenever ηS > ηD(ηD − 1). Furthermore,

in the presence of constant marginal costs (ηS → ∞), Equation 2.3 would be

simplified to ηD/(ηD − 1), which will always be greater than one (overshifting),

given demand is elastic (ηD > 1).

Weyl and Fabinger (2013) further developed a general model allowing for asym-

metric, imperfectly competitive firms. In such a model (Equation 2.4), a conduct

parameter θ is introduced to account for market concentration, based on the

Lerner Index.10 Under many competition models such as Cournot or Bertrand,

10The conduct parameter defined by the authors builds on Lerner (1934) and adjusts for the
elasticity of demand: θ = [(p−mc− τ)/p]ηD, where mc is the marginal cost.
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market concentration θ is a constant (independent of quantity q), and therefore,

the second term in the denominator of Equation 2.4 can be dropped.

ρ =
1

1 + dθ
dq
q + ηD−θ

ηS
+ θ

ηms

(2.4)

Focusing on the case of constant elasticity of demand and assuming θ independent

of q, the formula for pass-through can therefore simplify to the following equation,

which again has two additional terms compared to Equation 2.1, reducing the

denominator if θ > 0:

ρ =
1

1 + ηD−θ
ηS
− θ

ηD

=
1

1 + ηD
ηS
− θ

ηS
− θ

ηD

(2.5)

From this general Equation 2.5 under the assumption of constant elasticity of

demand, one can easily derive the monopolistic case with total market concen-

tration (θ = 1)11 as in Equation 2.3 and the perfectly competitive case (θ = 0)

of Equation 2.1. Also, notice that if marginal costs are constant (ηS =∞), there

will be overshifting whenever equilibrium prices are above marginal costs.

Using available estimates from the literature and the Weyl and Fabinger (2013)

model presented in this section (Equation 2.5), I calculate the elasticity of supply

that would be necessary to explain a full pass-through in the case of the UK.

According to the Competition Commission report on the AG Barr / Britvic

merger inquiry in 2013, the gross margins in this market fluctuate between 16 and

70 per cent (C. C. Inquiry Group, 2013). O’Connell and Smith (2020) estimated

a Lerner index of 0.46 for SSB and 0.40 for substitute products using data from

the major supermarket chains in the UK. Regarding demand elasticity (ηD) of

sugar-sweetened drinks in the UK, Briggs et al. (2013) estimated ηD = 0.81, while

Dubois et al. (2020) estimated elasticities as high as ηD = 2.8 for some brands

included in my analysis, similar to the elasticity estimates of O’Connell and

Smith (2020). Therefore, I calculate the elasticities of supply that could explain

full pass-through according to the general model of Weyl and Fabinger (2013),

with price mark-ups at the lower end of the existing estimates (16% and 46%),

and levels of elasticity of demand in line with the findings of the existing literature

(ηD ∈ 0.81, 1.5, 2.8). The results of such calculations are all summarized in Table

2.2. In all cases, supply must be more elastic than demand, and the difference

between the two must be substantially larger under low mark-ups, although far

11The value one for the conduct parameter results from the profit-maximizing markup under
monopoly, which is the inverse of the elasticity of demand.
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from constant marginal costs (perfectly elastic supply). Indeed, the second set of

columns, which take the Lerner Index value estimated by O’Connell and Smith

(2020) for the UK’s soft drinks market, show that a relatively low elasticity of

supply, just above the elasticity of demand, would be enough to result in full

tax pass-through in most cases (ηD ∈ 0.81, 1.5). The partial derivatives of the

model (Equations 2.6 to 2.8) show how variation on each of the three variables

would affect tax pass-through. Larger pass-through ought to be observed in more

concentrated markets and products with more inelastic consumers or more elastic

supply.

Table 2.2: Calibrations of the model for full pass-through (ρ = 1)

Lerner Index = 0.16 Lerner Index = 0.46

Demand Supply Demand Supply
Elasticity (ηD) Elasticity (η̂S) Elasticity (ηD) Elasticity (η̂S)

0.81 4.25 0.81 0.95
1.5 7.88 1.5 1.76
2.8 14.7 2.8 14.24

Notes: For every pair of the market concentration and demand elasticity parameters, the sup-
ply elasticity level that would yield full pass-through was calculated following Equation 2.5.
For each combination of parameters in the table, any level of supply elasticity above the one
calibrated here would yield overshifting (ρ > 1), and any level of supply elasticity below the
calculated value would yield partial pass-through (ρ < 1). The conduct parameter (θ) in Equa-
tion 2.5 results from multiplying the Lerner Index times the elasticity of demand (ηD).

dρ

dθ
=

1
ηD

+ 1
ηS(

1 + ηD−θ
ηS
− θ

ηD

)2 > 0 (2.6)

dρ

dηD
= −

1− dθ
dηD

ηS

(
1 +

ηD− dθ
dηD

ηS
−

dθ
dηD

ηD

)2 < 0 :
dθ

dηD
=
p−mc− τ

p
∈ (0, 1) (2.7)

∂ρ

∂ηS
=

ηD − θ

ηS2
(

1 + ηD−θ
ηS
− θ

ηD

)2 > 0 : θ =
p−mc− τ

p
ηD ∈ (0, ηD)

(2.8)

2.3.3 General equilibrium considerations

As summarised by Allcott et al. (2019a), several studies have reported a non-

negligible degree of substitution between sugar-sweetened beverages and other

drinks and foods. In the presence of non-zero cross-price elasticities, treating

the taxed goods as an independent market can lead to a biased analysis of tax
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incidence, even when the taxed goods only make a very small fraction of total

expenditure. In those cases, partial equilibrium analysis may not be a good

approximation to the general equilibrium tax incidence.

Substitution towards other goods can distort the prices of products not affected by

the tax. For example, Dharmasena et al. (2014) apply an Equilibrium Displace-

ment Model (EDM) to the soft drinks market, with multiple substitute goods

facing different levels of tax. If supply is imperfectly elastic and the tax only

affects one of the categories, substitution towards untaxed goods can effectively

imply the demand curve for taxed goods will be steeper than partial equilibrium

models would predict. That would result in a larger pass-through, and prices of

the untaxed substitute good may increase due to a shift of their demand curve.

Moreover, Agrawal and Hoyt (2019) present a simple alternative model that al-

lows for overshifting even in a perfectly competitive market with perfectly elastic

supply if the tax affects multiple inter-dependent markets and some of the af-

fected goods have a price-elasticity that is smaller than their cross-price elasticity

with other commodities.

The SDIL implemented in the UK only affects SSB with sugar content of at least

5 grams per 100 millilitres. The response of a large fraction of manufacturers

by reducing the sugar content of their products resulted in very few brands on

the higher tier and most of their substitute drinks remaining untaxed. Therefore,

according to general equilibrium theory, a sugar tax like the one chosen by British

legislators is likely to exhibit larger pass-through than other settings of soda taxes

where all soft drinks are affected (including those with lower or null sugar content)

and may have a spillover effect on prices of untaxed direct substitutes.

2.3.4 Elasticity of demand for online groceries

In the same way that consumers’ purchasing decisions differ between on-the-go

consumption and consumption at home, consumers may not behave identically

when buying groceries online and when shopping at grocery stores in person.

Moreover, different types of buyers may self-select into one channel or the other.

According to the ONS12, the age group with the largest percentage of people

purchasing food and groceries online is between 25 and 44, compared to those

with ages above and below. There is mixed evidence on the heterogeneity of

demand price elasticities by age groups. Estimates from smoking behaviour have

pointed at young people as the most responsive group (Chaloupka and Wechsler,

12Office for National Statistics (2019).
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1997; Franz, 2008), while other studies specific to SSB have found that the relation

between demand elasticity and age follows a non-monotonic U-shape, with both

younger and elder people being the most responsive to price changes compared to

middle-aged groups (Muhammad et al., 2019; Dubois et al., 2020). In addition,

selection also seems to occur by income, with the wealthier households being

more likely to purchase their groceries online.13 The existing studies looking at

income group differences in the UK show that the lower-income groups are the

most responsive to price changes of soft drinks (Briggs et al., 2013; Allcott et al.,

2019b; Dubois et al., 2020). Therefore, internet shopping channels seem to attract

more frequently the population groups with lower price elasticities overall.

Furthermore, consumption of goods purchased online is delayed in time and de-

livered to an address previously selected. This differs significantly from on-the-go

purchases, which have been found to be more price-sensitive than consumption at

home (Andreyeva et al., 2010; Powell et al., 2013; Benoit et al., 2016). Moreover,

online purchases have a larger time delay between order completion and access to

the purchased goods compared to shopping at physical stores, which can also af-

fect consumer behaviour. Milkman et al. (2010) exploited exogenous variation in

delivery times of online grocery purchases to estimate that people are more likely

to buy healthier food when the time delay between order and delivery increases

by several days. Therefore, if delayed consumption shifts the focus towards non-

price attributes of the product, it can potentially reduce responsiveness to price

changes.

On the other hand, online markets undoubtedly reduce search costs since access

to information and comparison between sellers and products can be done from

a single device. Price tracker tools even allow consumers to set alarms when

the price of a selected good drops. This implies a reduction in the cost of price

information. By making it easier for the buyer to look for cheaper alternatives,

demand elasticity may increase (Stigler, 1961). However, better product informa-

tion can also be accessed at a lower cost, shifting the attention of the buyer from

the price to other product attributes and therefore decreasing elasticity (Ander-

son, 1968). Product information costs can play a relevant role in differentiated

products with complex features, but that is less likely to be the case of sugary

drinks that mainly differ in flavour, colour, size, ingredients and caloric content,

all of which is printed as a label on the container itself.

Finally, customer loyalty also affects price sensitivity. Previous research found

13Dutton et al. (2013) found that respondents with yearly income above £30,000 were nearly
three times more likely to have purchased groceries online within the last 12 months than those
with yearly income below £12,500.
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some evidence that consumers express more customer loyalty online than offline

(Shankar et al., 2003; Danaher et al., 2003). Since the ability of consumers to

choose between different alternatives is reduced when the range of alternatives

they consider is smaller, higher customer loyalty could reduce the price elasticity

of demand.

Therefore, from a theoretical perspective, it is not completely clear whether we

should expect a larger or lower demand elasticity in online markets than in tra-

ditional brick-and-mortar stores. However, the existing literature specific to gro-

cery shopping seems to consistently identify lower demand elasticity for online

purchases than offline, and differences are strongest for food products (Degeratu

et al., 2000; Chu et al., 2010).

2.3.5 Supply and competition in online markets

Similarly, firms may behave differently and face different cost structures when

operating online versus offline. First, updating prices on websites is likely to be

less costly than printing new labels and replacing the old ones physically in a

brick-and-mortar store, which can explain a more immediate pass-through, as

observed by Gorodnichenko and Talavera (2017). Second, the logistics of online

supply do not require a customer-friendly display shelf with a large variety of

products in a limited space, since orders can be fulfilled directly from a big

warehouse. Therefore, adjustments to demand shocks in online sales mainly

depend on stock capacity rather than display capacity. Those two factors can

lead to a lower slope of the marginal cost curve in online grocery markets and

corresponding larger elasticity of supply.

Another relevant factor affecting pass-through is the number of sellers in the

market. The soft-drinks sector in the UK is highly concentrated at the producer

level, with two big brands (Coca-Cola and PepsiCo) taking more than half of

the market.14 At the retailer level, the four biggest supermarket chains (Tesco,

Sainsbury’s, Asda, and Morrisons) gather 70% of all grocery sales in the UK.15

The big four offer online grocery shopping services, where they compete against

only two of their market followers (Waitrose and Iceland) and two purely online

sellers (Amazon and Ocado). Aldi, Lidl, The Cooperative, smaller chains, and

the corner shops did not offer any online grocery services by 2018. Moreover,

14According to data from IRI/Mintel, Coca-Cola and PepsiCo had a market share of 38%
and 17%, respectively, in 2017-2018. Moreover, Coca-Cola Enterprises also owns Fanta and
Schweppes, which increase its market share by an additional 9%.

15According to data from Kantar Worldpanel for 2017-2018.
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Rafiq and Fulford (2005) analysed loyalty transfer from offline to online grocery

shopping in the UK. They observed not only high retention but also that the

market leaders attract a large proportion of their consumers from other market

chains, further increasing market concentration. Big players may also benefit

from technological entry barriers, since smaller businesses are unlikely to reach

the top positions on search engines’ results pages.

Last, intermediation can also affect pass-through since it generates a double-

marginalisation problem. Given that the tax is levied on manufacturers, when

those do not sell directly to final consumers but rather sell through independent

retailers in an imperfectly competitive market, a double mark-up adjustment

is expected to reduce pass-through (Hong and Li, 2017). This could explain

the larger pass-through observed in private labels by Berardi et al. (2016) in

France. The same way that retailers selling their own brands (most often through

private labels) benefit from vertical integration, the internet offers a channel for

producers to sell directly to consumers. Nevertheless, there is no evidence that

online grocery sites selling a wide variety of independent brands systematically

differ from traditional retail in that regard.

2.4 Empirical analysis

2.4.1 Description of the data

The dataset used in the analysis comprises a total of 134 items with daily prices

covering between 6th April 2017 and 6th April 2019, a window of one year on

either side of the date the SDIL came into effect, resulting in an unbalanced

panel of 78,273 observations. Each observation includes the date, unique product

identifier (ASIN16), product name, product brand, type of drink (category), type

of container, container size, package (bundle) size, sugar content (grams per

100ml), price per litre, and corresponding SDIL tax per litre, which is calculated

for non-exempt drinks based on their sugar content. Only products produced in

the UK and sold and dispatched by Amazon are included in the analysis of this

paper (third-party sellers and imported goods are excluded).

The dataset was created by the author using scraped information collected from

Amazon UK using an ad hoc script in Python (van Rossum, 1995) and the price

tracking tools Keepa and CamelCamelCamel. The items were identified by run-

16The Amazon Standard Identification Number (ASIN) is the unique identifier used by Ama-
zon. It is equivalent to a Universal Product Code (UPC) but applies to each Amazon market
separately (i.e. the same UPC would have a different ASIN in the UK and France).
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ning searches on Amazon UK for the leading brand names of soft drinks and the

keywords “milk”, “tonic”, “water”, and “juice”. While the product characteris-

tics were scrapped directly from Amazon, the sugar contents data was collected

from the official website of each manufacturer the week after the implementation

of the SDIL (second week of April 2018) and again one year later to verify no

changes. The categories used to classify each drink were: milk17, still water, non-

carbonated beverages (NCB)18, cola-flavoured carbonated drinks, energy drinks,

and other flavoured carbonated drinks. For the purpose of the analysis, drinks

were further classified into different treatment groups based on their tax level,

whether they were explicitly marketed as sugar-free, and their degree of substi-

tutability with the drinks affected by the tax (Table 2.3). Overall, 20 items in

the sample are liable to the tax, 21 items belong to the control group, and the

other 93 items are untaxed soft drinks on which I explore potential general equi-

librium effects (in the literature often referred to as spillover) given their role as

close substitutes. The treated group has two levels of intensity, one for each band

of the tax. The tax-free alternatives to the taxed drinks are also split into two

groups: the sugar-free column includes beverages of brands that have a drink

in the taxed categories (e.g. Coke, Pepsi, 7UP, Mountain Dew, or Red Bull)

explicitly marketed as sugar-free (i.e. product names including Zero, Diet, or

Free) ; the other brands column in Table 2.3 includes all soft drinks (carbonated

and non-carbonated) of brands without any taxed products (e.g. Schweppes,

Fanta, Irn-Bru, Rubicon, etc.). Many of the brands in the competitor brands

group reformulated their drinks prior to the introduction of the tax, reducing the

sugar content of their drinks below the SDIL threshold. The value of the tax was

computed based on the date of the observation, sugar content at that time, and

description of the drink. All prices and tax amounts are adjusted for inflation to

April 2018 real value, and they are expressed in sterling pounds per litre.

An event study illustration in Figure 2.1 shows how the prices of taxed drinks

and their closest alternatives (untaxed carbonated drinks) evolved during the

year before and after the SDIL came into effect, compared to the evolution of

prices of control drinks. The two depicted groups follow parallel trends with the

control group before the event, even though seasonal effects may differ between

drink categories. In particular, there seems to be an increase in prices of taxed

drinks in summer and a drop in prices for carbonated soft drinks around the

Christmas period in both years that is not observed in water and milk prices.

Consistent with the theory of pass-through and general equilibrium effects, prices

17The category milk includes dairy-free alternatives such as soy milk.
18The category non-carbonated beverages includes all fruit juices, coco water, and iced tea

drinks. Concentrated and powder formulas were excluded.
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Table 2.3: Distribution of items across drink categories and treatment groups

Group

Category

Treated

Controls

Alternatives (tax-free)

TotalLow High Competitor
SDIL SDIL Sugar-free brands

Cola drinks 0 10 0 22 0 32
Energy drinks 0 4 0 3 0 7
Carbonated, other 3 3 0 5 36 47
Non-Carbonated, oth. 0 0 0 0 27 27
Milk 0 0 12 0 0 12
Water (still) 0 0 9 0 0 9

Total 3 17 21 30 63 134

Notes: An item is defined by an Amazon Standard Identification Number (ASIN), which is
created the first time a new product is added to the Amazon catalogue. It is independent of
who is selling it (Amazon or any third party) and allows tracking a single item across time and
sellers.

of taxed drinks surged immediately after the introduction of the tax, and prices of

untaxed carbonated drinks (direct substitutes) also seem to increase after April

6th 2018, though to a much lower extent. Prices of drinks in the control group

did not experience significant changes over the studied period.

2.4.2 Estimation method

To estimate the pass-through of the tax, I run a series of panel regressions with

fixed effects at the item (i) level with unique ASIN code, fixed time (week) effects,

and clustering errors at the brand level (e.g. Pepsi). Since prices of drinks seem

to experience seasonality, I also control for category-season (cs) fixed effects.

Treated items are those that belong to the categories subject to the tax and whose

sugar content is above the threshold. The treatment variable is Taxit, which takes

value zero for all products before 6th April 2018, and the value of the tax per

litre on affected drinks after that date. The control group is made of unflavoured

milk and water products, exempted from the tax. Unflavoured water has been

used as a control drink in previous evaluations of the sugar tax in Catalonia

(Castelló and Casasnovas, 2020), France (Berardi et al., 2016; Etilé et al., 2018;

Capacci et al., 2019), Mexico (Colchero et al., 2015) and Portugal (Gonçalves and

Dos Santos, 2020), since it is the major ingredient of all soft drinks, is not affected

by the tax, and the cross-price elasticity with SSB is low. However, Dubois et al.

(2020) estimated a non-negligible level of cross-price elasticity between water

and SSB in the UK. If water was indeed a substitute for SSB, using it as a

control would bias my estimates of pass-through downwards. The same authors

estimated a much lower cross-price elasticity for milk against all types of soft
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drinks, which implies it is less likely to be affected by changes in the demand for

soft drinks (with and without sugars). There are three other categories of drinks

with larger cross-price elasticities with the SSB affected by the tax: sugar-free

versions of the taxed products, other carbonated drinks of competitor brands with

sugar contents below the tax threshold, and non-carbonated alternatives (NCB).

I estimate whether their prices increased as a result of the SDIL even if they

were not directly affected by it, testing the predictions of the general equilibrium

models of pass-through (Dharmasena et al., 2014). The dependent variable (Pit)

was calculated as price per litre, and the coefficients on the tax variable can be

interpreted directly as the pass-through parameter (ρ). The parameter λ controls

for any general shift of prices after April 2018 (the dummy Postt takes value one

from 8th April 2018, for all drinks). All values are adjusted for inflation.

Figure 2.1: Monthly price changes by treatment group

Notes: The graph displays the differences of each group with respect to the evolution of prices of

the control group (waters, milks, and dairy-free alternatives to milk). The connected dots in the

graph correspond to the coefficients from a regression of nominal prices per litre (rescaled per

item to their distance from the item’s average price in March 2018) on a set of monthly dummies

interacted with each group dummy, without controlling for any other covariates. Vertical spikes

denote the 95 per cent confidence intervals. The group direct substitutes (blue) includes sugar-

free alternatives as well as sugar-sweetened alternatives with sugar content below 5g/100ml

and therefore exempted from the tax. The treatment group (red) includes drinks affected by

either tier of the SDIL. The vertical red line denotes April 2018, the month when the SDIL

came into effect. The coefficients for the month before that line show parallel trends of both

groups with respect to the control group, with a seasonal peak in taxed drinks in August and

a drop in prices of taxed drinks and direct substitutes in Christmas.
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The first specification identifies the overall degree of tax pass-through on treated

units by comparing treatment and control groups. Equation 2.9 estimates the

target parameter ρ through differences in differences with item fixed effects, com-

paring the prices of taxed products and control products the year before the tax

with the year after, on average. As previously mentioned, the affected drinks are

liable at the point of first sale after production, and sellers could have stockpiled

tax-free amounts before the introduction of the tax and consequently delayed

the increase in prices. This could bias my estimate downwards. To test whether

producers increased prices immediately or with some delay, I run a second spec-

ification as in Equation 2.10, which includes interactions with dummies for each

quarter following the introduction of the tax (Q1-Q4). The interactions identify

how long Amazon took to update prices. αi represents item i’s fixed effects and

t is the time variable (day). Average pass-through at each quarter in the second

specification is captured by the parameter ρq, where q ∈ [1, 4] identifies quarters

one to four following the introduction of the tax. In both regressions, I control

for quarter seasonality within each category (cs).

Pit = λ0Postt + ρ0Taxit + αi + ξcs + εit (2.9)

Pit =
4∑
q=1

λqtPostt ×Qqt +
4∑
q=1

ρqTaxit ×Qqt + αi + ξcs + εit (2.10)

I then proceed to analyse the spillover effects of the tax on prices of the potential

substitute categories. Similar to the first set of regressions, I first estimate the

average spillover over the year after implementation (Equation 2.11) and run a

second specification allowing for a delayed response by adding quarter dummies

interacted with the spillover variable (Equation 2.12). To give an intuitive inter-

pretation to the coefficients for spillovers so that they represent the price change

on untaxed beverages in proportion to the tax on sugary drinks, the variable Zit

takes value zero before 6th April 2018 and the higher tier tax value after that

date19 only for items in any of the three substitute categories: sugar-free versions

of the taxed products (SFV ), untaxed carbonated beverages of products that do

not have a taxed version (UCB), and untaxed non-carbonated beverages (NCB),

as described at the beginning of this section.

19The value 0.288 corresponds to the tax per litre on a drink in the higher tier (with more
sugar than 8g/100ml) including the proportional VAT. As with the price and the tax variables,
the value of Zit is adjusted for monthly inflation.
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Pit = λ0Postt + ρ0Taxit + π0Z
SFV
it + β0Z

UCB
it + κ0Z

NCB
it + αi + ξcs + εit (2.11)

Pit =
4∑
q=1

λqtPostt ×Qqt +
4∑
q=1

ρqTaxit ×Qqt +
4∑
q=1

πqZ
SFV
it ×Qqt

+
4∑
q=1

βqZ
UCB
it ×Qqt +

4∑
q=1

κqZ
NCB
it ×Qqt + αi + ξcs + εit (2.12)

2.4.3 Heterogeneity across categories and package sizes

The products included in the sample are likely to have different demand elas-

ticities (ηD) and face different levels of competition (θ). Given that all sugar-

sweetened beverages (SSB) have a similar composition and logistical chain, there

is no reason to think supply elasticity (ηS) should significantly differ across dif-

ferent drinks. I exploit differences in market competition and demand elasticity

to test the model predictions explained in the theory section. For that purpose, I

compare drinks liable to the tax with drinks in the control group, interacting the

tax variable with dummy variables to identify heterogeneous tax pass-through on

two dimensions: type of SSB (cola drinks, energy drinks, and other flavoured car-

bonated drinks) and container sizes (small, containing less than 360ml, medium,

with between 360ml-999ml, and big, with one-litre capacity or more). Hetero-

geneity across drinks types has been previously studied in other settings where

the tax affected a broader set of beverages. For instance, Falbe et al. (2015) found

larger pass-through on sodas and lower on sweetened teas compared to non-pure

fruit juices in Berkeley, and a good amount of papers have estimated higher tax

pass-through for carbonated than for non-carbonated beverages (Colchero et al.,

2015; Berardi et al., 2016; Silver et al., 2017; Capacci et al., 2019). However,

carbonated SSB was the only category of drinks finally affected by the tax in the

UK after other beverages were reformulated to reduce their sugar content below

5g/100ml20, and evidence on heterogeneity of pass-through within this category is

scarce, mainly comparing energy drinks to all other carbonated drinks (Campos-

Vázquez and Medina-Cortina, 2019; Cawley et al., 2020). Given the leading role

of cola drinks in the soft drinks market, it seems relevant to analyse whether this

20See Table B.2 in Appendix B.1 for a comparison of sugar contents of some of the most
popular soft drinks in the UK, before and after the SDIL came into effect.
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subset of sugar-sweetened beverages exhibits a different passthrough than other-

flavoured carbonated SSB with smaller market shares. Regarding heterogeneity

across sizes, several papers estimate over-shifting for single-serving containers

(Rojas and Wang, 2017; Cawley et al., 2020). Other studies compare sizes of

items sold in bundles but only account for two size groups: individual sizes up

to one litre and family sizes above one litre. Colchero et al. (2015) and Powell

et al. (2020) estimated larger pass-through for smaller (individual) sizes, con-

sistent with the findings on single-serving containers. Nevertheless, the regular

single-serving can of SSB usually contains 330ml (355ml in the USA), and there

is no obvious reason to believe drinks between that size and up to one litre are

consumed following a similar pattern. Dividing package sizes into three groups,

with a middle-sized category, relaxes this assumption and allows me to test for a

non-monotonic relation between container size and tax pass-through.

Table 2.4: Market competition and demand elasticities, by category

Cola drinks Energy drinks Other flavoured

Lerner Index [0.51, 0.56] [0.34, 0.48] [0.53, 0.68]
Elasticities of Demand:

330ml-380ml cans [2.8, 2.99] 2.72 [2.94, 3.25]
500ml bottles [2.36, 2.67] 2.58 [2.54, 2.69]

2l bottles [1.44, 2.39] - 2.4

Notes: This table summarises the range between the lowest and the highest demand elastic-
ities and mark-ups of sugar-sweetened carbonated soft drinks in each category and unit size
estimated by Dubois et al. (2020) and O’Connell and Smith (2020) using data from the United
Kingdom. Can sizes are 330ml for cola drinks and other flavoured, and 380ml in the case of
energy drinks. The brands covered by the cited studies were: Coke, Cherry Coke, and Pepsi
among cola drinks, Lucozade and Red Bull for energy drinks, and Dr Pepper, Fanta, Sprite,
and Irn-Bru for the other flavoured group.

According to elasticity estimates for soft drinks in the UK from Dubois et al.

(2020) and O’Connell and Smith (2020), other-flavoured sodas seem to face a

slightly more elastic demand than cola and energy drinks (Table 2.4). Comparing

across sizes, demand elasticity for small cans is larger than that of medium-sized

bottles, while demand is the least elastic for big family-size bottles. Differences

between package sizes are larger than those observed between beverage types.

With regards to market competition, the two big producers in the UK, Coca-

Cola Enterprises and Britvic, cover around half of all sales of soft drinks in the

country.21 In a report of the Competition Commission evaluating the merger of

AG Barr and Britvic, gross margins for companies in the sector were estimated

to be as large as 60 per cent (C. C. Inquiry Group, 2013). Using structural mod-

21Calculated using data from the Soft drinks and non-alcoholic beverages in the UK dossier
from Statista, 2019.
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elling, O’Connell and Smith (2020) estimated Lerner Index values22 that reflect

significantly lower mark-ups on energy drinks compared to the other two cate-

gories. According to the theoretical model discussed earlier in this paper,23 the

large market concentration of cola drinks is likely to lead to higher pass-through

compared to energy drinks, with a much lower market concentration and similar

elasticity of demand. Other-flavoured drinks, on the other hand, are the cate-

gory with the largest mark-ups and more elastic demand, with each of these two

variables affecting pass-through in opposing directions. That makes it difficult to

predict whether other-flavoured drinks should exhibit larger pass-through than

the other two categories or not. With regards to size heterogeneity, medium-

sized packages should exhibit larger pass-through than smaller-sized items unless

mark-ups were larger for the latter, and so should family-sized packages, con-

trary to the findings cited in the previous paragraph. Equation 2.13 describes

the specification used to estimate differential pass-through across drink types and

container sizes. As in the other regressions, price is expressed in sterling pounds

per litre (Pit), the base drink category is cola drinks, and the variable Taxit takes

the value of the corresponding tax on each product from 6th April 2018. The

dummies Other and Energy are interacted with the tax variable to capture the

differential tax pass-through compared to cola drinks. The base container size is

medium, and the dummies Small and Big, interacted with the tax variable, are

used to estimate the additional tax pass-through on those sizes, compared to the

medium size, on average, for all drinks.

Pit = λPostt + ρcolaTaxit + ρother1{Otheri}Taxit + ρenergy1{Energyi}Taxit
+ ρsmall1{Smalli}Taxit + ρbig1{Big}Taxit + αi + δcsit + εit (2.13)

Table 2.5: Distribution of items across drink categories and container sizes

Category
Container size

Small (<360ml) Medium Big (≥1L) Total

Cola drinks (taxed) 7 1 2 10
Energy drinks (taxed) 3 1 0 4
Carbonated, other (taxed) 3 1 2 6
Milk (control) 0 3 9 12
Water (control) 1 5 3 9
Carbonated, other (untaxed) 25 7 4 36

Total 39 18 20 77

22The Lerner Index is calculated as the ratio between the mark-up and the price of a product.
23Weyl and Fabinger (2013).
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Table 2.5 shows the distribution of container sizes and drink categories in the

treated and control groups. The last category, Carbonated, other (untaxed), is

not initially included in the analysis due to its potential role as a substitute

(which could bias the estimates towards zero if general equilibrium effects were

significant), but it is added to the control group in a second specification for

robustness, increasing the sample size and thus improving the statistical power

of the estimation. Container sizes are not evenly distributed across beverages,

and thus the results from this regression should be taken with caution.

2.4.4 Results

In line with the simulation predictions of Dubois et al. (2020), the ex-post evalu-

ation by O’Connell and Smith (2020), and the findings for most other countries

that implemented the policy in large jurisdictions, my analysis shows that drinks

affected by the SDIL in the UK experienced full pass-through of the tax to prices,

on average. In addition, consistent with the predictions of a general equilibrium

model with substitution towards untaxed goods, the price of sugar-free versions

of the taxed drinks also increased, as would be expected if there was a shift of

demand from the taxed sugary version to the untaxed sugar-free version. Table

2.6 shows the point estimates of tax pass-through on liable beverages and the

spillover on substitute drinks due to general equilibrium effects. In columns 1

and 2, the coefficient for tax pass-through on affected drinks is at around 1.1, not

statistically different from full pass-through. Furthermore, the specifications with

quarter dummies (columns 3 and 4) show how prices were immediately updated

within the first quarter after the introduction of the taxby its total amount (full

pass-through). The coefficient on the fourth quarter is significantly higher than

one at the 95 per cent confidence level, suggesting overshifting in the long run.

Looking at the estimates of the spillover effect on untaxed substitutes (general

equilibrium effects), only prices of direct sugar-free alternatives were affected,

with an increase of nearly half the value of the higher tier tax. In this case, the

increase in prices was smoothed across the first two quarters after the SDIL came

into effect (column 4). No significant effect is found on prices of brands of carbon-

ated beverages that reformulated their drinks before April 2018 or were already

below the sugar threshold set by the SDIL, nor on non-carbonated alternatives.

A graphical representation of the coefficient estimates is depicted in Figure 2.2.

Finally, the heterogeneity analysis reveals that the tax did not impact all drink

categories and container sizes evenly (Table 2.7 and Figure 2.3). Cola drinks

subject to the SDIL experienced overshifting of the tax on prices, estimated
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Table 2.6: Tax pass-through of the SDIL and spillover on substitute drinks

(1) (2) (3) (4)
VARIABLES Average Average VARIABLES Quarterly Quarterly

Tax Pass-through 1.115*** 1.121*** Pass-through at Q1 0.979*** 1.037***
(0.190) (0.186) (0.311) (0.289)

Spillover on Sugar-Free 0.417*** Pass-through at Q2 0.973*** 1.090***
(0.076) (0.266) (0.208)

Spillover on Other Carbonated 0.055 Pass-through at Q3 0.973*** 0.943***
(0.126) (0.302) (0.308)

Spillover on Non-Carbonated -0.028 Pass-through at Q4 1.485*** 1.397***
(0.189) (0.202) (0.175)

Spillover on Sugar-Free (Q1) 0.329**
(0.149)

Spillover on Sugar-Free (Q2) 0.521***
(0.133)

Spillover on Sugar-Free (Q3) 0.334**
(0.137)

Spillover on Sugar-Free (Q4) 0.512***
(0.139)

Observations 23,831 78,273 Observations 23,831 78,273
R-squared 0.245 0.088 R-squared 0.253 0.094
Number of ASIN 41 134 Number of ASIN 41 134
Item FE YES YES Item FE YES YES
Season-Category FE YES YES Season-Category FE YES YES

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: Columns 1 and 2 show the coefficients from regressions estimated following Equations
2.9 and 2.11, respectively. Columns 3 and 4 show the coefficients from regressions estimated
following Equations 2.10 and 2.12, with quarter dummies, omitting the groups of drinks with
coefficients not significantly different from zero. The full table with coefficient estimates for
the impact of the SDIL on prices of substitute drinks, including the two groups omitted in this
table (other untaxed carbonated drinks and other untaxed non-carbonated beverages), can be
found in Appendix B.2 (Table B.3).

at 133% on average (column 1) and as large as 200% on medium-sized bottles

(columns 3 and 4), which corresponds to an increase in prices of around 30%. As

predicted by the partial equilibrium model of Weyl and Fabinger (2013), pass-

through to prices of the category with larger demand elasticity, other flavoured

sodas, was lower than to prices of cola drinks, with energy drinks also exhibit-

ing a tax pass-through significantly lower than cola drinks, as expected from

their considerably lower level of market concentration. Regarding heterogeneity

across package sizes, the effect of size on pass-through was not monotonic, with

medium sizes exhibiting the largest tax pass-through. The difference between

small and medium packages seems to match the predictions of the model, based

on the estimated elasticities (medium packages face a less elastic demand and

hence experience a larger pass-through). However, larger containers (of 1 litre

or more) seem to be the ones experiencing the lowest tax pass-through despite

facing the least elastic demand. Albeit surprising, my results align with previous

findings from Mexico (Colchero et al., 2015). Following the conclusions from the

theoretical framework, a low pass-through on big sizes could only be explained

55



by very large mark-ups. Unfortunately, no other paper has estimated mark-ups

separately for different container sizes to support or reject that hypothesis.

Figure 2.2: Average tax pass-through and spillovers of the SDIL

Notes: The graph displays the coefficients from column 2 in Table 2.6 in blue (triangles). Spikes

represent 95 per cent confidence intervals. The grey markers correspond to similar regressions

using only data from a given quarter of the year before and after the tax (e.g. April-June 2017

and April-June 2018). Ordered vertically, the first grey dot is the coefficient from a regression

comparing prices of the first quarter after the tax with prices of the same quarter the year before.

Each subsequent dot does the same with the second, third, and fourth quarters, respectively.
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Table 2.7: Heterogeneous pass-through of the SDIL, by drink category and con-
tainer size

(1) (2) (3) (4)
VARIABLES Taxed vs Control Taxed vs Control Taxed vs Control Extended Control

Tax Pass-through 1.329*** 1.770*** 2.034*** 2.025***
(0.114) (0.297) (0.185) (0.176)

Energy drinks -0.219** -0.434*** -0.439***
(0.099) (0.100) (0.097)

Other-flavoured sodas -0.695** -0.578* -0.560*
(0.322) (0.293) (0.317)

Small container (<360ml) -0.650** -0.727*** -0.737***
(0.243) (0.170) (0.164)

Big container (>999ml) -1.258*** -1.213*** -1.237***
(0.261) (0.216) (0.200)

Observations 23,831 23,831 23,831 44,609
R-squared 0.261 0.272 0.284 0.133
Number of asin 41 41 41 77
Item FE YES YES YES YES
Season-Category FE YES YES YES YES

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: columns 1 and 2 evaluate heterogeneity in drink category and size separately, while
column 3 evaluates both simultaneously, following Equation 2.13. The first three columns use
milks and (still) waters as control drinks, while the last column also includes other (untaxed)
carbonated from brands without taxed products as part of the control group. The inclusion
of that group is only added for robustness, increasing the power of calculations, taking into
account that such group of drinks was not found to exhibit general equilibrium effects and is
therefore unlikely to bias the estimated coefficients (Table 2.6).

Figure 2.3: Average tax pass-through of the SDIL, by flavour and container sizes

Notes: The graph displays the coefficients from columns 1 (round markers) and 2 (triangular

markers) in Table 2.7, linearly combined to represent the tax pass-through exhibited by every

subgroup. The horizontal spikes represent the 95 per cent confidence interval.
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2.5 Conclusion

This paper uses a unique dataset with daily prices of soft drinks sold by Amazon

UK, a purely online retailer of increasing market share that has not been included

in previous evaluations of the SDIL. By estimating a series of panel regressions,

I find that SDIL taxes were fully passed through to prices of sugary drinks in

the United Kingdom immediately after the introduction of the tax. General

equilibrium effects also impacted prices of substitute drinks, with a spillover of

nearly half the amount of the tax on untaxed sugar-free versions of the taxed

drinks. While the change in prices of liable drinks occurred within the first

quarter following the implementation of the SDIL, the spillover on untaxed sugar-

free direct alternatives was spread over the two first quarters. Such significant

spillover could indicate a demand shift from sugary to sugar-free versions within

taxed brands and highlights the importance of general equilibrium effects when

analysing soda taxes which are not levied on the entire portfolio of soft drinks.

This finding is also relevant when interpreting the coefficients of other papers

using diet drinks as a control (Colchero et al., 2015; Castelló and Casasnovas,

2020), implying those may be biased downwards. On the other hand, the lack of

statistically significant spillover on other untaxed drinks implies that coefficients

estimated using other alternatives such as fruit juices as a control group may not

be significantly biased.

Furthermore, the results from the analysis on heterogeneity across products facing

different levels of market concentration and demand elasticities qualitatively vali-

date the predictions of a partial equilibrium model with differentiated products in

an imperfectly competitive market. As predicted by the model presented by Weyl

and Fabinger (2013), the category with the lowest demand elasticity and among

the highest market concentration, cola-flavoured sodas, exhibits over-shifting of

the tax (133%), with a pass-through estimate significantly larger than that of en-

ergy drinks and other flavoured sodas. The heterogeneity across container sizes

is more surprising: the effect of size is not monotonic. Medium sizes have a

significantly larger pass-through (with statistically significant over-shifting) than

smaller or bigger sizes. The elasticity estimates for large containers in O’Connell

and Smith (2020), lower than those of smaller containers, suggest that mark-up

differences may be at the root of such differences.

Although the lack of consumption data restricts the analysis conducted in this

study, this paper confirms the effectiveness of the SDIL in increasing prices of sug-

ary drinks that were not reformulated to reduce their sugar content and provides

evidence compatible with a demand shift towards their direct sugar-free alter-
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natives. Moreover, it highlights the importance of accounting for heterogeneous

pass-through across drinks when estimating optimal soda taxes or predicting ex-

pected tax revenues. The larger coefficient on cola-flavoured sodas, which exceeds

one, reflects that sugar taxes in the United Kingdom significantly affected prices

of the most popular category, inducing price increases of up to 30%, which is

expected to lead to significant reductions in consumption of those beverages.

The main limitations of this paper are two-fold. First, my findings may not

extrapolate to other countries discussing the implementation of sugar taxes that

affect a broader range of products. The British Soft Drinks Industry Levy (SDIL)

effectively triggered many producers of sugar-sweetened beverages to reformulate

their drinks and reduce sugar contents below the SDIL threshold. This left very

few products directly affected by the SDIL tax, which may affect substitution

patterns differently than when a broader set of drinks is affected by a sugar tax.

The second limitation of this study is the small sample. Although my panel of

prices tracking uniquely identified SSB items over two years allows for a more

robust specification than other studies using cross-sectional data, the subset of

products included in the analysis is small, and it only covers one supermarket.

Nevertheless, Amazon is the only supermarket chain that is present across a

huge number of countries in several continents and is therefore of particular

relevance given its potential expansion and market concentration. Moreover,

it was one of the few supermarkets excluded in previous studies evaluating the

SDIL. Overall, the findings of this paper are therefore an excellent complement to

other studies in the UK using similar price data from other major supermarkets,

such as O’Connell and Smith (2020) and Scarborough et al. (2020).

Finally, the findings of this study focusing solely on a purely online retailer do

not significantly differ from other estimates of sugar tax pass-through using data

from physical stores (Allcott et al., 2019a). This implies that calculations using

online scraped prices of groceries may be a good approximation to price changes

occurring in brick-and-mortar shops, reducing the costs of data collection.
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3 Tax pass-through under psychological pricing: Lessons

from the Spanish soda tax

3.1 Introduction

Corrective taxes on consumer goods have expanded in recent years from tobacco

and alcohol to other unhealthy products like sugar-sweetened beverages (SSB).1

The rationale behind the introduction of taxes on unhealthy food is that the con-

sumption of such products imposes future costs on the consumers’ health that

they fail to take into account when making the purchase decision (internalities).

Moreover, in countries with a welfare state, the consequences of consuming un-

healthy food also generate costs to public health systems (externalities). The

goal of corrective taxation as defined by Pigou (1920) is to shift the market

equilibrium to the social optimum. In a perfectly competitive market, the tax

will shift the supply curve upwards, hence generating a new equilibrium with a

higher price and lower quantity. The exact equilibrium point and distribution

of the burden between sellers and buyers will depend on the price elasticities of

demand and supply. In imperfectly competitive markets, however, sellers with

positive mark-ups on their products’ prices may absorb the tax with no reduction

in supplied quantities (Allcott et al., 2019a). In those cases, the tax would fail

to induce a reduction in consumption.

The current evidence on pass-through and effectiveness of taxes on SSB is so far

inconclusive. While Silver et al. (2017) found a large pass-through of the soda

tax in Berkeley, leading to relevant reductions in sales, Rojas and Wang (2017)

and Bollinger and Sexton (2018), among other authors, estimated much lower

values for the exact same tax and city. Similar disparities between evaluations

of a single tax can be observed in studies of sugar taxes in Chile (Caro et al.,

2018; Cuadrado et al., 2020), France (Berardi et al., 2016; Etilé et al., 2018),

Philadelphia (Cawley et al., 2018, 2020), or the United Kingdom (O’Connell

and Smith, 2020; Scarborough et al., 2020). Most of these studies used different

samples from the same country, either focusing on different types of stores or

different beverage categories. Furthermore, Castelló and Casasnovas (2020) found

very little change in consumption after the Spanish region of Catalonia introduced

1Before the year 2000, only Norway and Samoa had an excise tax on sweetened non-alcoholic
beverages. In the second decade of the twenty-first century, over a dozen other big countries
and several states in the USA introduced excise taxes on sugary beverages. Other countries
like Denmark, Ethiopia or Samoa, also introduced taxes on saturated fats. For a summary of
soda taxes implemented around the world, see Table B.1 in Appendix B.1.
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a sugar tax with mandatory full pass-through by law, implying an elasticity of

around 0.5. That value is significantly below the estimates of most existing

studies analysing demand elasticities of sweetened beverages (Andreyeva et al.,

2010; Powell et al., 2013). In this paper, I explore whether psychological pricing, a

widespread strategy in grocery stores consisting of pricing items with odd endings

(e.g. 0.99), can affect the level of tax pass-through observed after the introduction

of taxes on sweetened beverages. Potentially, after a tax increase, psychological

pricing could explain smaller than expected reductions in sales, since odd-ending

prices are often underestimated and price changes within a given range may

not be noticed by consumers. To test my hypothesis, I use the tax increase

on sweetened soft drinks introduced in Spain in January 2021 to analyse the

relation between tax pass-through and price-endings, as well as the frequency of

psychological prices after the introduction of corrective taxes.

The behavioural economics branch of the literature on sticky prices has long

acknowledged the role of psychological pricing techniques in generating price

rigidity (Drakopoulos, 1992; Blinder et al., 1998; Herrmann et al., 2005; Knotek,

2011; Knotek et al., 2019). On one side, adaptation level theory argues that some

values act as reference points, and consumers may only react to changes that go

beyond an acceptance range around the reference point, often referred to as the

latitude of acceptance (Monroe, 1971, 1973). On the other hand, there is evidence

that left-digit processing (reading from left to right) leads to worse recall of the

last digits of a number, resulting in an overestimation of prices with low numbers

in the cents units and underestimation of prices with high numbers in the cents

units. Both behavioural biases generate non-smooth demand curves with kinks

at specific reference values. Increasing prices just beyond those thresholds can

lead to a significant drop in marginal revenue since such a price increase will be

accompanied by an unusually large reduction of demand (Blinder et al., 1998;

Monroe, 2003). Therefore, the non-monotonicity of the marginal revenue curve

as a result of kinked demand curves could explain the non-smooth distribution

of prices of soft drinks and affect the pass-through of taxes on unhealthy drinks,

impacting the effectiveness of such measures.

Using a panel of web-scraped daily prices of carbonated soft drinks, vegetable

milks, water and alcoholic beers in three large Spanish supermarket chains, I

exploit a value-added tax (VAT) code reform that doubled the taxes on sweetened

soft drinks from 1st January 2021 in Spain. Before the introduction of the tax,

35 per cent of the non-alcoholic carbonated sweetened drinks in my sample had

prices ending in either a nine or a zero, and psychological values in the first

decimal were observed in around two of every three prices of that category of
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beverages. That is above a 50% excess density of products at psychological

prices compared to a uniform distribution across price endings. The proportion

of items with psychological prices did not increase after the introduction of the

tax, and the probability of an item to be priced with a psychological ending

did not significantly depend on the products’ initial price endings. Nevertheless,

items with initial prices ending in zero had around a ten per cent lower probability

of increasing than those with other endings. However, their average pass-through

was not significantly lower than that of products with other endings, implying the

lower probability to change was compensated by greater increases. Indeed, the

pass-through of products initially priced at round integers (double-zero endings)

significantly exceeded one. Products initially priced with endings .90 to .99 also

had a five per cent lower probability of increase within the first month, but that

difference disappeared in the second month, suggesting only a very short lag.

Furthermore, another relevant psychological threshold affecting tax pass-through

was the 50 cents ending. Products initially priced with endings in .40 to .49

exhibit a tax pass-through 30 percentage points lower than items with other

endings.

The findings of this study contribute to a better understanding of the market

responses to sugar taxes while being of relevance to the more general literature

on sticky prices and psychological pricing. This is the first paper to evaluate the

pass-through of the tax increase for sweetened drinks introduced in Spain in 2021.

Sweetened drinks increased their prices by nearly the full amount of the tax within

only two months from the day it came into effect. Furthermore, the probability

that a treated product was priced with odd endings declined between December

2020 and April 2021 by more than that of control products, suggesting that

sellers are not systematically recurring to such marketing technique to prevent

consumers from reducing their consumption of unhealthy drinks in response to

sugar taxes. Therefore, psychological pricing is unlikely to be the reason why

some papers find very little price elasticity of consumption of sweetened drinks

despite the full pass-through of sugar taxes (Castelló and Casasnovas, 2020).

Finally, the finding of halves of Euro playing a role in significantly reducing tax

pass-through implies that the impact of psychological prices on price stickiness

is not limited to small cost changes like those studied from VAT reforms in Israel

(Knotek et al., 2019) but exists even when costs increase by as much as 10%.

Moreover, my results highlight the relevance of the first decimal digit of initial

prices in determining tax pass-through to prices of soft drinks rather than the last

digit alone. Therefore, future studies evaluating price rigidity should not limit

their analysis to the effect of nine or zero endings but also explore the role of the
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tenths of cents around the half and unit thresholds. Finally, the overshifting that

I identify on products initially priced at round integers could be an explanation

for the larger pass-through identified in on-the-go consumption from corner stores

in settings where small stores are more likely to use round prices.

The rest of this paper is structured in five more sections. Sections II and III

provide an overview of the literatures on psychological pricing and soda taxes,

respectively. Section IV gives details of the data that I collected from the su-

permarket websites and presents some summary statistics. Section V includes

the complete empirical analysis, starting with the average tax pass-through and

separately estimating the role of odd endings at the last digit and the combined

effect with the first decimal digit. To conclude, section VI highlights the study’s

limitations and the policy implications of the findings, and introduces the planned

extensions of this project.

3.2 Psychological pricing and price rigidity

When shopping at any retail store, it is common to see a disproportionate number

of price tags with odd endings (those right under round numbers). The practice

of pricing items at values ending in nine can be traced back more than a hun-

dred years ago and has been well documented in several surveys, particularly in

low-priced goods (Hower, 1943; Twedt, 1965; Kreul, 1982). From a marketing

perspective, it is believed that such endings are effective to maximise profits. In

a series of experiments, Anderson and Simester (2003) found that prices ending

in nine increased sales by up to 40 per cent compared to the closest five-ending

prices right above and below. At the same time, they found no significant dif-

ference in sales between the two prices ending in five, despite their ten cents

difference. A long list of studies2 have also analysed the effects of nine-endings

in different contexts and concluded that, for some categories of products, prices

ending in nine result in greater demand than a smooth demand curve would

predict. An exception to such a finding is the field experiment conducted by

Bray and Harris (2006) in the UK. After rounding prices of products previously

priced at nine-ending amounts in treated stores, sales of those items increased

compared to the same products in the control stores. Nevertheless, the authors

documented a long-existing practice at the retail chain of the field experiment

to price all their non-promotional items at nine-ending values, which may have

conditioned the way consumers evaluate prices in that particular store.

2A very comprehensive summary of the literature can be found in Table 1 of Lopez-Pastor
et al. (2020).
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The two main explanations for the widespread use of psychological prices are

their image effect and the left-digit bias. The image effect refers to the fact

that consumers relate odd endings to price deals and therefore assign a low-price

meaning to nine-ending prices (Schindler, 2006). The left-digit bias, on the other

hand, is caused by the higher attention that consumers pay to the leftmost dig-

its compared to the rightmost digits of a number (Poltrock and Schwartz, 1984;

Hinrichs et al., 1981). Thomas and Morwitz (2005) conducted a series of ex-

periments to test whether left-digit bias is consistent with a model of numerical

cognition where individuals read numbers from left to right and consequently

compare numbers starting from the left, disregarding the rightmost digits after

a difference is identified. The authors found evidence of left-to-right process-

ing, with higher response latency when comparing numbers whose difference was

found only at the rightmost digits. Their research also revealed that perceived

distance between two numbers is driven by the leftmost digits, with odd endings

magnifying perceived distances when the gap between the two numbers is small

(e.g. comparing 2.99 to 3.00).

The focus on the left digits is believed to cause a worse recall of odd-ending prices.

Schindler and Wiman (1989) conducted an experiment where participants were

shown prices ending in 00 and other prices ending in 99 and 98. After asking

participants to recall the prices for some of the items two days later, they found

that the accuracy of their memory was worse for rightmost digits than for leftmost

digits, therefore leading to underestimating prices with large odd endings (i.e. 99

and 98). In their experiment, even-ending (round) prices were recalled correctly

twice as likely as odd-ending prices, and their probability of being underestimated

was ten per cent lower. In another experimental study, Bizer and Schindler

(2005) also provide evidence consistent with last digits drop-off. The researchers

asked respondents to estimate how many products from a list could be purchased

with 73 US dollars. Participants seeing prices ending in 99 estimated they could

afford to buy significantly more products than those seeing comparable 00-ending

prices. To quantify the bias, Strulov-Shlain (2019) used scanner data from the

USA to structurally estimate that consumers react to a one cent change from a 99

ending to a round ending as if it were an increase of between 15 to 25 cents. Such

amplified elasticity at round price points creates a region of dominated prices and

could explain the bunching of products below psychological thresholds followed

by a lack of products priced at low odd endings.

While the empirical evidence on amplified elasticities at psychological price points

is mixed and the behavioural biases induced by odd endings do not affect all types
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of products and sales channels equally,3 industry practitioners seem to believe

that demand reacts strongly around specific price points and they price their

products accordingly, as with kinked demand curves (Blinder, 1991). Figure 3.1

graphically summarises the idea of kinked demand curves and their impact on

marginal revenue in imperfectly competitive markets. Increasing the price from

a value ending in 99 to the following round number triggers a large reduction

in consumption, thus reducing marginal revenue despite the higher price per

unit. When a product is priced at such odd-ending price points, it is possible

that a small tax would not shift the marginal cost curve enough to induce a

reduction in the quantity supplied, resulting in zero passthrough (Figure 3.2).

This was the case analysed by Knotek et al. (2019), exploiting small VAT changes

in Israel. Throughout the period covered in their study, the VAT suffered four

small increases and four small decreases of between 0.5 and 1 per cent. Using

a large sample of product prices from different convenience stores, the authors

found that products initially priced at favoured endings4 were significantly less

likely to adjust their price after a change in VAT than products with other price

endings. The difference in probability of adjustment is larger when only looking

at price increases: after a positive change in VAT, products with favoured endings

were only half as likely to increase compared to other price endings.

3.3 Soda taxes

In recent years, a growing number of countries have introduced taxes on sug-

ary drinks to promote healthier diets. The World Health Organisation (WHO,

2015a) published a report in which it recommended that taxes aimed at reducing

consumption of unhealthy food and drinks should induce significant price changes

(around 10 to 20 per cent minimum) to effectively change consumption habits.

They issued recommendations on three types of taxes: specific excise taxes per

volume or unit, ad valorem excise taxes, and value-added taxes.

Per-volume excise taxes have been mostly adopted by European countries (per

litre) and North American States (per fluid ounce). Ad valorem excise taxes on

sugary drinks, on the other hand, are more frequent among Latin American and

Asian countries. Variation in value-added taxes (VAT) is often very restricted

(most countries only have a regular rate and a reduced rate), which explains their

rare use for corrective taxation purposes. Nevertheless, in 2021, Spain changed

3Pauwels et al. (2007); Lopez-Pastor et al. (2020).
4Knotek et al. (2019) use the concept favoured ending to refer to the price ending that a

shop uses for more than fifty per cent of its products. They document that prices ending in
zero are preferred by small convenience stores while nine-endings are preferred by large grocery
stores.
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Figure 3.1: Kinked demand curves and marginal revenue

(a) Kinked demand curve (b) Marginal revenue at kinks

Notes: The kinked (behavioural) demand curve (solid) is superposed on a smooth (rational)
demand curve (dashed) in both charts. Chart (a) represents a demand curve with several
reference price points. Chart (b) focuses in a single price point, the round ending. Price
changes that involve a change of the unit digit are most salient to consumers, amplifying the
elasticity of demand around the round ending. Changes in prices that do not affect the digits
at the left of the decimal point are less noticed by consumers, falling in what is often called the
acceptance regions, with reduced elasticity of demand. Under monopolistic competition, the
marginal revenue (yellow dot-dashed line) significantly increases when reducing the price right
below the reference price point, since the small decrease in price is offset by a large increase in
quantity.

Figure 3.2: Effect of a small tax in an imperfectly competitive market with a
kinked demand curve

Notes: The shift of the marginal cost curve generated by the tax (τ) does not change the
optimal quantity produced (Q*) and resulting optimal price, since the intersection between
the marginal cost (black line) and the marginal revenue (yellow) curves remains at the same
quantity level.
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Table 3.1: Comparison of soda taxes in Europe and North America.

33cl/12oz can of Coke 1l bottle of Coke

Country/State Price Sugar Tax Price Sugar Tax Tax/litre (incl. VAT) Supermarket

Belgium (2016) 0.71 e 3% 1.75 e 4% 0.0722 e Carrefour
Estonia (2018) 0.79 e 15% 1.19 e 30% 0.36 e Selver
France (2012) 0.53 e 5% 1.23 e 6% 0.0755 e Carrefour(2)

Hungary (2011) 225.00 Ft 3% 193.71 Ft 10% 18.75 Ft Tesco(1)

Ireland (2018) 1.15 e 9% 1.60 e 19% 0.30 e Tesco(1)

Portugal (2017) 0.72 e 9% 1.39 e 15% 0.20 e Auchan
Spain, Catalonia (2017) 0.75 e 16% 1.10 e 22% 0.13 e + 10% Carrefour
Spain (2021) 0.75 e 10% 1.10 e 10% 10% Carrefour(1)

United Kingdom (2018) £ 0.50 19% £ 1.45 20% £0.29 Tesco(2)

USA, Albany (2017) 1.43 9% 0.91 14% 0.37 Walmart(2)

USA, Berkeley (2015) 1.43 9% 0.91 14% 0.37 Walmart(2)

USA, Boulder (2017) 1.43 18% 0.91 28% 0.73 Walmart(2)

USA, Oakland (2017) 1.43 9% 0.91 14% 0.37 Walmart(2)

USA, Philadelphia (2017) 1.43 13% 0.91 21% 0.54 Walmart(2)

USA, S. Francisco (2018) 1.43 9% 0.91 14% 0.37 Walmart(2)

USA, Washington (2010) 1.43 16% 0.91 25% 0.64 Walmart(2)

Mexico (2014) 14.00 8% 21.00 8% 1.00 + 8% Walmart

Source: Elaborated by the author. Coke prices were extracted from each supermarket website
in April 2021 and are merely used as a reference for cross-country comparisons.
Notes: (1) In the absence of 1 litre bottles, I display the per litre price of the first available
bottle size above 1 litre. (2) In the absence of single cans, I display the price per can of the
smallest pack available.

the classification of sweetened drinks, moving them from the reduced category

(the one that applies to all food and non-alcoholic beverages) to the regular band,

effectively imposing a 10% soda tax through that mean.

Despite the recommendations of the WHO, the taxes introduced in most countries

are not too large. Table 3.1 summarises the taxes implemented in some European

and American countries and states. Many of the tax amounts displayed in the

table are already higher than their initial values when they were first approved,

and yet non of the examples presents a tax that is above 20% of the price of a

regular can of coke (33cl size in Europe and 12oz size in America).

Changes in prices as a result of those taxes have rarely achieved the recommended

increase of 20%. As presented in the previous section, the combination of a low

tax and a high concentration of products priced at psychological thresholds could

explain the low tax pass-through estimated in some countries where other expla-

nations like cross-border shopping are not plausible. Etilé et al. (2018) found

a low pass-through (39%) of the sugar tax introduced in France in 2012 using

home-scan purchase data, although Berardi et al. (2016) and Capacci et al. (2019)

found full pass-through evaluating the same French policy. Caro et al. (2018) es-

timated partial (50%) pass-through of the sugar tax on carbonated SSB in Chile,

while Cuadrado et al. (2020) estimated overshifting using a different dataset for

the same country. In the United Kingdom, Scarborough et al. (2020) estimated

partial (50%) pass-through of the Soft Industry Levy Tax, while O’Connell and

Smith (2020) estimated full pass-through, in line with my results included in
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Chapter II of this volume, each of the three studies using different sets of web-

scraped prices. The reasons driving these differences are not obvious, and they

are unlikely to be purely the result of differences in elasticities of demand and

supply or the level of market concentration, given that differences also appear

between studies within the same markets, when using different sources of data.

Psychological prices have been previously linked to price rigidity, yet their role in

determining the pass-through of soda taxes remains unexplored. Using the Span-

ish reform and prices from three big supermarket chains, I evaluate the relation

between price endings and soda taxes. On January 1st 2021, Spain changed its

value-added tax (VAT) law to exclude sweetened drinks from the reduction in

VAT that applies to all nutritional products, hence imposing an additional 10%

tax on all non-alcoholic drinks with added sugar or other sweeteners.5 While

volume-based taxes affect items differently based on their price per litre, which is

usually decreasing with package size, proportional taxes like the value-added tax

place the same burden on all products. Therefore, the policy reform introduced

in Spain affects all packages equally, independently of unit sizes.

3.4 Data

On Wednesday 2nd of December, 2020, the Spanish Congress approved the reform

of the VAT Law that moved non-alcoholic drinks with added sugar or sweeteners

from the reduced category (10% VAT) to the regular category (21% VAT), result-

ing in a de facto soda tax of 10% on previous prices. That same week, I started

scraping prices from the websites of three major supermarkets (Alcampo, Eroski,

and Mercadona) using an ad hoc script programmed in Python (van Rossum,

1995). Following products in the categories of energy drinks, sports (isotonic)

drinks, tonic sodas, and cola, lemon and orange flavoured carbonated sodas, I

built a panel dataset covering daily prices of 501 taxed items from 101 brands,

from four weeks before the tax change until four months after it. I also followed

all mineral still and sparkling (unsweetened) waters, alcoholic beers, and veg-

etable milks sold throughout the same period, which were unaffected by the tax

change, adding 574 control products from 167 different brands (Table 3.2). In the

following pages, I refer to drinks affected by the tax change as treated or taxed

drinks, and to unaffected drinks as control or untaxed drinks.

The distribution of prices before the introduction of the new tax was not even.

5It is relevant to note that although the tax change was an increase of the VAT in 11
percentage points (from 10% to 21%), the actual tax is only charged on the VAT base, therefore
equivalent to a 10% tax on the previous tax-included price, which is the value shown in price
tags in Spain, by law.
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Table 3.2: Summary of the data, by retailer and product category

Cola Lemon Orange Energy Sport Tonic Sparkling Still Veg. Alc.
sodas sodas sodas drinks drinks soda Water Water Milks Beers

Alcampo Total
Price/litre (eur) 2.84 1.37 1.11 1.14 1.52 3.42 1.90 0.70 1.67
Container size (ml.) 419 938 1068 1011 819 332 733 997 360
Bundle size (u.) 2 4 2 2 2 2 2 2 5
Number of items 37 94 44 29 41 47 32 98 0 68 490
Number of brands 7 7 11 6 8 11 12 23 0 16 101
Private Label items (%) 0% 29% 18% 33% 25% 9% 8% 4% 6% 13%
Eroski Total
Price/litre (eur) 2.67 1.51 1.16 1.12 1.70 2.76 1.30 0.83 1.61 3.05
Container size (ml.) 416 975 1020 1084 780 342 854 957 1000 359
Bundle size (u.) 2 4 2 2 2 1 1 1 1 4
Number of items 22 60 21 19 23 17 14 54 44 195 469
Number of brands 5 3 6 4 4 6 7 18 10 46 109
Private Label items (%) 20% 33% 17% 25% 25% 17% 14% 6% 10% 2% 11%
Mercadona Total
Price/litre (eur) 1.84 1.03 0.77 0.45 0.96 1.60 1.11 0.50 1.36 2.70
Container size (ml.) 563 1304 1499 2000 1357 512 958 1076 953 333
Bundle size (u.) 3 4 2 1 1 6 4 6 5 6
Number of items 8 12 10 4 7 6 6 13 18 32 116
Number of brands 5 3 5 2 4 4 4 8 3 20 58
Private Label items (%) 40% 33% 20% 50% 50% 25% 50% 13% 33% 10% 23%
All Supermarkets Total
Number of items 67 166 75 52 71 70 52 165 62 295 1075
Number of brands 17 13 22 12 16 21 23 49 13 82 268
Private Label items (%) 11% 31% 18% 32% 27% 12% 15% 5% 17% 4% 13%

Notes: The first six groups are treated categories, while the four last groups are control cate-
gories. The table summarizes the average price per litre, average container size, average bundle
(pack) size, and the total number of items and brands in each category and supermarket, as
well as the percentage of items that are private label.

Endings in zero and nine represent more than a third (36%) of all December

2020 prices included in my dataset and more than two thirds (68%) of prices

in specific categories and sellers (Table 3.3). The bunching of prices at such

strategic endings seems to indicate that sellers in the Spanish market take into

account psychological thresholds and left-digit bias. The frequency distribution

of the last digit, however, is not as unbalanced as that observed by Ater and

Gerlitz (2017) or Knotek et al. (2019) in Israel, where most stores had more than

50% of their product prices ending in one specific digit (either nine or zero).6

In the setting I analyse in Spain, however, given the magnitude of the tax change

(+10%), the second last digit (first decimal) may also play an important role.

Moreover, the distribution of both last digits may not be independent of each

other. As depicted by Figure 3.3, zeros and nines in the last digit were most often

preceded by the same number in December 2020. Meanwhile, the most frequent

first decimal numbers overall were four and five, which are not usually classified

as psychological thresholds but seem to be relevant in this case. Therefore, while

most of the literature has focused on the role of the last digit only, I exploit the

large shock to sweetened drinks the Spanish VAT reform to further explore their

role in combination with different preceding numbers.

6Full detail of the distribution of price endings by drink category and seller can be found in
Appendix C.2.
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Table 3.3: Proportion of beverage prices ending in nine or zero in December 2020,
by seller and category

Cola Lemon Orange Energy Sport Tonic Sparkling Still Veg. Alc.
Overallsodas sodas sodas drinks drinks sodas Waters Waters Milks Beers

Alcampo 40% 34% 36% 38% 44% 27% 40% 30% 21% 33%
Eroski 68% 29% 45% 43% 39% 58% 19% 28% 47% 36% 37%

Mercadona 25% 58% 60% 25% 57% 0% 50% 23% 78% 44% 47%

Overall 42% 34% 41% 38% 44% 28% 37% 29% 56% 32% 36%

Notes: This table summarises the proportion of prices in each category-supermarket pair end-
ing in either a nine or a zero in December 2020, what I consider psychological endings. If price
endings were uniformly distributed, the proportion of prices ending in a nine or a zero would
be 20 per cent. However, for most categories in the three supermarket chains, the proportion
was above 30 per cent, implying an excess mass of more than 50%. The last column shows the
proportion of psychological endings among prices in all ten categories within each supermarket,
while the bottom row shows the proportion of prices with psychological endings within each
category, across the three supermarkets.

Figure 3.3: Distribution of endings of product prices in December 2020

(a) Price endings of control drinks (b) Price endings of treated drinks

Notes: These bar charts display the distribution of the endings (cents) of prices of untaxed
(left) and taxed (right) drinks in December 2020, before the new tax on sodas was introduced.
The thin bars depict the density of each price ending (two digits), while the wider bars (shaded
in a more transparent colour tone) represent the total density added at each first digit block
(tenths of cents). Final digits are not evenly distributed among first digits in either group, with
nine-ending being most often preceded by another nine and zero-ending most often preceded
by another zero.

3.5 Empirical analysis

To assess the role of psychological prices on tax pass-through, I classify products

into price ending groups based on the ending of their most frequent price in

December 2020, which I use as the reference price of a product before the tax

change. I start my analysis by providing an overview of the evolution of prices

of treated and control drinks in general, calculating the average pass-through

of the new Spanish tax on sweetened drinks. After that, I proceed to evaluate

the differential impact that psychological endings (zero and nine) had on tax

pass-through and price rigidity. To complement the analysis, I also study such

price endings in combination with different preceding numbers in the first decimal
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position. I pay particular attention not only to the most natural threshold at the

integer (round) full Euro, but also at the half-Euro threshold, where I observe

most of the bunching of prices in December 2020. Note that the regressions

estimating the effect of initial price endings assume that a treated item would

evolve parallel to a control item with the same initial ending rather than to

the average price change among control drinks. Finally, I further explore the

price-setting strategy of supermarkets in Spain by evaluating the changes in the

probability of prices having psychological endings in response to the new tax,

which could be used to (mis)lead consumers into underestimating the changes.

3.5.1 Average pass-through of the Spanish soda tax

Prices of treated and control drinks followed a parallel trend before the tax change

(Figure 3.4). From the first week of January 2021, when the new VAT tax

code came into force, treated drinks increased prices departing from the trend of

control products. Both groups seem to recover parallel trends after around six

weeks, suggesting that supermarkets passed the tax through to consumer prices in

less than two months. To estimate the actual pass-through parameter (ρ), I run

a panel regression following the specification in Equation 3.1, where the dummy

Ti identifies drinks affected by the tax change and Log(Pit) is the logarithm of

the price of product i on day t. December (m = 0) is the base category for

the months variable (m) and αi represents the item fixed effects. In some of the

specifications, I also control for supermarket-month fixed effects Xit.

Log(Pit) = β0 +
4∑

m=1

βm1{Montht = m}+ λTi

+
4∑

m=1

ρmTi × 1{Montht = m}+ Ω′Xit + αi + εit (3.1)

On average, supermarkets passed above 80 per cent of the tax to consumer prices.

As shown in Figure 3.5, while pass-through was only partial in the first month

(62%), the estimated coefficients are not significantly different from one (full

pass-through) from February and remain stable throughout the following months

(March and April). This implies that supermarkets updated their prices within

the first month.
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Figure 3.4: Evolution of prices before and after the tax change.

Notes: This graph plots the coefficients of a panel regression of the logarithm of prices on
week dummies interacted with a dummy for each treatment group (taxed and untaxed), with
item fixed effects. Vertical spikes represent 90% confidence intervals, with errors clustered at
the brand level. Time zero represents the first week affected by the tax, and the vertical red
line separates the before and after-tax change periods. Both groups seem to follow a parallel
trend before the tax change, while prices of taxed drinks increase at much higher rates than
the control group over the first six weeks after the introduction of the tax.

Figure 3.5: Average tax pass-through

Notes: The estimated average pass-through at each month was calculated by dividing the
coefficients ρ from the estimated regression (Equation 3.1) by the tax value (10%). Vertical
spikes represent the 95% confidence intervals, with errors clustered at the brand level. The
complete table with the raw coefficients from the regression estimated following Equation 3.1
can be found in Appendix C.1, Table C.1.
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3.5.2 Last digit effect

To analyse the role of price endings on tax pass-through, I divide items in 3

groups (j) based on the ending of their most frequent price in December 2020,

what I call the reference price. Those are nine-ending, zero-ending, and other

endings. I set other endings as the base category and evaluate whether reference

price endings in nine or zero had any differential impact on price changes after

the introduction of the tax. The estimation equation in this case, thus, includes

an interaction of the variables of interest with the new variable denoting price

endings:7

Log(Pit) =
2∑
j=0

βj1{Endingi = j}

+
2∑
j=0

4∑
m=1

γjm1{Endingi = j} × 1{Montht = m}+
2∑
j=0

λjTi × 1{Endingi = j}

+
2∑
j=0

4∑
m=1

ρjmTi × 1{Endingi = j} × 1{Montht = m}+ Ω′Xit + αi + εit (3.2)

Figure 3.6 shows the evolution of prices for each of the three ending groups

among treated and control products. In all three cases, there are parallel trends

the four weeks before the tax and a sharp increase in prices of taxed drinks in

the first weeks of 2021. Figure 3.7, on the other hand, shows the estimated tax

pass-through by reference price ending. Surprisingly, products initially priced

with psychological endings (nine or zero) had a slightly larger pass-through than

products initially priced with other endings, although the differences are not

statistically significant at the 95% confidence level. Previous research in the

literature of sticky prices had identified that products initially priced with psy-

chological endings were less likely to update after a change in VAT (Knotek et al.,

2019). My results could be driven by either the opposite phenomenon - that psy-

chological prices were more likely to change after the VAT change in Spain -, or

by a large price increase among the fewer products initially priced at psycholog-

ical endings that did indeed update prices, even if the share of items actually

changing prices was lower among treated products with nine and zero endings

than among other endings ones.

7The specification in this page is written without a base category of price endings (j) for
better readability and interpretation of the pass-through parameters ρjm.
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Figure 3.6: Evolution of prices before and after the tax change.

Notes: This graph plots the coefficients of a panel regression of the logarithm of prices on
week dummies interacted with a dummy for each treatment group (taxed and untaxed) and
reference price ending (nine, zero, or other), with item fixed effects. Vertical spikes represent
90% confidence intervals, with errors clustered at the brand level.

To further explore the dynamics behind the different levels of tax pass-through, I

run an additional set of regressions that estimate the probability that a product

increased its price from the initial reference price following the tax change. The

explanatory variables are exactly the same as Equation 3.1, but in this case,

the dependent variable is a dummy (Dit) that takes value one if the price of

product i at time t is above its reference price (i.e. if it is above its December

2020 modal price). Figure 3.8 illustrates the estimated coefficients of a regression

with a Panel Linear Probability Model (P-LPM). While one can observe that,

after January 2021, products initially priced with nine and zero endings were

less likely to increase in the control group, these differences do not show between

treated drinks. Therefore, treated products were as likely to increase their prices

regardless of their initial price ending, but those initially priced with zero endings

increased by a larger amount than the ones initially priced with any other endings.

Moreover, the larger pass-through estimate of products initially priced with nine-

endings is somehow misleading since it is driven by the price stickiness of control

drinks with the same ending. Indeed, taxed beverages initially priced with nine

endings evolved very similarly to other ending treated products (Figure 3.6).
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Figure 3.7: Average tax pass-through, by initial price ending

Notes: The estimated average pass-through at each month was calculated by dividing the
coefficients ρ from the estimated regression (Equation 3.2) by the tax value (10%). Vertical
spikes represent the 95% confidence intervals, with errors clustered at the brand level. The
complete table with the raw coefficients from the regression estimated following Equation 3.2
can be found in Appendix C.1, Table C.2.

Figure 3.8: Price rigidity, by initial price ending

Notes: Coefficients from the panel regression estimated with a specification similar to Equation
3.1 but using the dummy Dit as the dependent variable, controlling for item fixed effects, were
combined to produce this graph. The connected dots represent the increased probability of
taxed and untaxed products to be priced above their most frequent (mode) price of December
2020, by month after the tax change. The vertical spikes represent 90% confidence intervals.
Among control drinks, those with December’s mode price ending in either nine or zero were less
likely to increase in the following months. Among treated drinks, the probability of a product
to be priced above its reference price from January onwards does not seem to differ by initial
price ending. The complete table with raw values can be found in Appendix C.1, Table C.3.
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3.5.3 First decimal effect

As mentioned in the previous section and illustrated in Figure 3.3, zero and nine

endings are not necessarily independent of their preceding digit. For example,

the most frequent two-digit ending among zero-ending prices is double zero, and

the most frequent two-digit ending of all nine-ending prices is double nine. Both

of these lie at each side of the round (integer) number, around which changes are

expected to be most salient to consumers since they result in a change of the left

digit.

In the previous set of regressions, I pooled all zero and nine endings together,

irrespective of their preceding digit. This could lead to underestimating the effect

of psychological endings if only double zero or double nine endings are relevant,

but for example, endings in 20 or 29 are not. Therefore, I repeat the same

exercise but introducing an additional set of interaction terms. To reduce the

number of interactions, I classify all items based on whether the first decimal of

their reference price (i.e. their modal price in December) fell within one of six

options: zero (prices ending in .0x), one to three (prices ending in .1x, .2x, or

.3x), four (.4x), five (.5x), six to eight (.6x, .7x, or .8x), and nine (.9x). The

rationale behind this classification is to allow the highest flexibility to the digits

around the two most relevant thresholds (full and half Euros) without adding an

entire set of ten new dummies, one for each possible value.

Using k to denote each of the six new dummies capturing the first decimal digit

of each product’s reference price, the estimation equation for this section results

in Equation 3.3. To simplify the notation, the interaction of price ending j (nine,

zero, or other) with the first decimal category k is denoted by a single dummy for

the combined ending kj. Furthermore, I move away from the specification with

monthly dummies and, in this case, I simplify it to a dummy variable (Postt)

that denotes whether day t is after 31st December 2020. I exclude the transition

period through which most prices were updated (January), and run this new

set of regressions only using observations from December, February, March, and

April. The dependent variable, Yit is the logarithm of prices when estimating

pass-through, and a dummy (Dit) with value one when the price of an item on

day t is above its reference price when estimating price rigidity as the probability

of price increases.
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Yit =
6∑

k=1

2∑
j=0

βkj1{Endingi = kj}

+
6∑

k=1

2∑
j=0

γkj1{Endingi = kj} × Postt +
6∑

k=1

2∑
j=0

πkj1{Endingi = kj} × Ti

+
6∑

k=1

2∑
j=0

ρkj1{Endingi = kj} × Ti × Postt + Ω′Xit + αi + εit (3.3)

Figure 3.9: Average tax pass-through, by initial price ending (two digits)

Notes: The estimated average pass-through at each month was calculated by dividing the coef-
ficients ρ from the estimated regression (Equation 3.3) by the tax value (10%). The dependent
variable, in this case, was log(Pit). Vertical spikes represent the 90% confidence intervals, with
errors clustered at the brand level. The complete table with the raw coefficients from the
regression estimated following Equation 3.3 can be found in Appendix C.1, Table C.4.

The results of the panel regression used to estimate pass-through following Equa-

tion 3.3 are illustrated in Figure 3.9. These results can be better interpreted

together with the estimated probabilities of products in 2021 to be priced above

their reference price from December 2020 (Figure 3.10). Looking at zero-endings

first, it seems that, while zero-endings reduce pass-through if preceded by any

number different than nine or zero, double zero amplifies pass-through to a level

that implies over-shifting of the tax to consumer prices. The effect of nine-endings

seems to be less dependent on its preceding digit except for the ending in 09 cents

(which represents a very small share of items). For all other nine-ending combina-

tions, the introduction of the tax seems to have overcome the usual price rigidity

of nine-endings that can be still observed among control products. On the other
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hand, products with reference price endings within the range .40 to .58 seem to

experience the lowest levels of pass-through, suggesting that halves of Euro may

also set a relevant psychological threshold so far ignored by the literature.

Figure 3.10: Price rigidity, by initial price ending (two digits)

Notes: Coefficients from the panel regression estimated following the specification in Equation
3.3, using the dummy Dit as the dependent variable and controlling for item fixed effects, were
combined to produce this graph. The connected dots represent the increased probability of
taxed and untaxed products to be priced above their reference price (i.e. the most frequent
(mode) price of December 2020) after the tax change. The vertical spikes represent 90% con-
fidence intervals, with errors clustered at the brand level. The complete table with raw values
can be found in Appendix C.1, Table C.5.

3.5.4 Strategic pricing

The last relevant question around psychological pricing and tax pass-through is

whether sellers reacted to the new tax by using psychological prices more often in

an attempt to reduce the reaction of consumers in response to price changes. In

this case, I create a categorical variable capturing whether the price of item i at

time t ends in nine, zero, or other endings, which I set as the dependent variable

with three possible outcomes. Using a multinomial logistic regression, I estimate

the conditional probability of an item to be priced at each of those endings by

month and treatment group, controlling for the item’s reference price (in logs)

and seller-month fixed effects (both included in the control vector Xit in Equation

3.4). The results from the regression (Figure 3.11) do not show an increase in the

relative probability of prices of treated items to end in either of the psychological

endings after the tax change affecting treated products. Indeed, the reduction
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in psychological endings was larger among treated products than among control

drinks. Therefore, it does not seem that sellers resorted to psychological endings

to attenuate the effect of the tax on consumption.

Endingit =
4∑

m=0

βm1{Montht = m}

+
4∑

m=0

γmTi × 1{Montht = m}+ Γ′Xit + νit (3.4)

Figure 3.11: Evolution of psychological endings (last digit)

Notes: Coefficients from a multinomial logistic regression based on the estimation equation 3.4
were combined to produce this graph. Each point represents the estimated relative probability
of a treated or a control item to be priced at each of the two evaluated psychological endings,
compared to the probability of being priced at non-psychological endings (other). The vertical
spikes represent 90% confidence intervals. The full table with raw values can be found in
Appendix C.1, Table C.6.
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3.6 Conclusion

The Spanish market of soft drinks exhibited a relevant degree of psychological

pricing by the end of 2020, before the increase of the value-added tax (VAT) on

sweetened drinks. Despite the role of psychological endings on price stickiness

identified by previous studies, I estimate a nearly full pass-through of the tax

on sweetened sodas using waters, beers, and vegetable milks as controls, within

two months after the tax change. Further analysis of the evolution of prices does

not indicate that sellers recurred to psychological endings to pass a larger tax

burden on to consumers while reducing consumption responses. Nevertheless,

psychological endings of initial prices did indeed influence tax pass-through, with

products initially priced ending in nine or zero exhibiting the largest increases in

prices after the tax change. The difference was especially remarkable for products

initially priced at round (double zero) endings, where the tax was over-shifted

on consumer prices. Another relevant finding is that halves of Euro also seem

to play a relevant role as psychological thresholds, with products initially priced

at endings between .40 and .58 exhibiting lower pass-through. This is of utmost

relevance to the literature of psychological pricing, which so far has only paid

attention to nine and zero endings (Levy et al., 2011; Ater and Gerlitz, 2017;

Knotek et al., 2019).

Furthermore, my results highlight that the role of psychological thresholds when

shocks to the supply curve (marginal cost) are as large as 10 per cent of the final

price may differ from their role under smaller shocks. While nine-ending prices

seem to be more rigid among control drinks, which did not suffer any increase

in taxes, treated products with initial prices ending in nine were as likely or

more to increase after the introduction of the tax than those with other initial

price endings. Moreover, the last specification of my analysis, interacting the

two last digits of prices (cents), highlights that the effect of the last price digit is

significantly affected by its preceding digit.

Finally, the findings of this paper could contribute to explain the wide variety of

estimates of sugar tax pass-through in the literature if they were replicated using

data from other countries. The frequency of round endings, for example, could

generate large differences across jurisdictions or types of retailers, and policy-

makers should take it into account when predicting who will bear the burden

of the tax. Moreover, my findings show that, although psychological endings

have been previously found to increase price stickiness of grocery prices, soda

taxes that account for ten per cent of the selling price seem to overcome such

rigidity, supporting the recommendation of the WHO that suggests that sugar
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taxes ought to be large to be effective in triggering consumption responses.

Unfortunately, the lack of consumption data does not allow to test whether con-

sumers effectively respond more to changes of products initially priced with a

psychological ending than those priced at other endings. Moreover, in countries

with soda taxes per litre or ounce, items with the same price would bear different

taxes based on their volume. This would allow for a more precise estimation of

how the effect of psychological endings changes depending on the size of the shock

to marginal costs. Unfortunately, this is not possible in the Spanish setting with

a proportional tax independent of item sizes. Both analyses are the natural next

steps of this research agenda.
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Appendix A (for Chapter 1)

A.1 Experiment design

This appendix provides further details of the experiment and its reward structure,

as well as some sample screenshots.

Table A.1: Randomisation checks

Treatment 1 Treatment 2 Control

Males 52% 52% 49%
Age, years 36.4 36.74 37.36

(12.14) (11.76) (12.25)
Higher Education 72% 72% 75%
Employed 77% 77% 80%
Ever filed taxes 89% 90% 92%
Earnings in real life $ 67,512 $ 51,627 $ 52,575

(372021) (58204) (54033)
Taxes in real life $ 6,703 $ 6,288 $ 6,633

(14205) (12450) (10159)
Quintile in real life 3.6 3.55 3.55

(1.06) (1.09) (1.09)
Focus measure 0.89 0.90 0.89

(0.16) (0.16) (0.16)
Correct tasks (/12) 4.68 4.86 4.78

(2.39) (2.52) (2.36)
Matched to High Ref. Group 52% 51% 49%

Notes: This table provides summary statistics of socio-demographic and performance variables
to check whether the random allocation of participants to treatment groups yielded balanced
samples. Only the subsample used in the analysis was used for the calculations: participants
with a focus measure above 25% and solving correctly between one and ten real effort tasks.
Higher education refers to university level (Bachelor or above). For continuous variables, the
standard deviation is reported in parenthesis.

A.1.1 Earning scheme and incentives

Participants earned money from three different sources:

1. Participation: all participants that completed the experiment were awarded

a participation fee of 0.40 USD.

2. Net earned income: amount earned in the initial task (10, 000 ECU for

each correct answer), minus taxes. The equivalent to real currency is 50, 000

ECU to 1 USD.
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Participants in the two treatment groups were told the tax scheme they

were facing when their earned income was revealed, while participants on

the control group were told their earnings would be subject to a tax, but

the system in place was only revealed at the end of the experiment.

3. Bonus income: additional tax-free amount (25, 000 ECU) earned for cor-

rectly answering the questions regarding income distribution statistics.

Since all three questions are related, the answer to one question could con-

dition another one. To prevent this, a lottery decides which one of the three

questions is chosen for the bonus payment.

The random matching to 99 other players was achieved through a random match

of the player to one of 2 pre-existing groups of 99 previous records. Matching

to 99 pre-loaded previous records is an alternative to a 100 player simultaneous

game, which would introduce additional issues (waiting time, potential drop-outs,

etc.). Each of those groups was formed by bootstrapping from a sample of pre-

existing records from the trial phase. At a point in the experiment (see Figure

1.8), participants were shown a selected subsample of 9 of those players in their

matched group as a source of partial information to update their beliefs.

A.1.2 Choice of tax schemes

The number of brackets, income thresholds and marginal tax rates for the pro-

gressive tax schedule were chosen taking the UK Income Tax as a main reference.1

To ensure that participants looked carefully at the tax schedule, they were asked

a few simple details of the tax system in place.

A.1.3 Real effort tasks

The task was partially inspired by Sutter and Weck-Hannemann (2003) and is

similar in spirit to Gneezy et al. (2003), remaining simpler than Chow (1983). It

consists of solving four mathematical operations and eight scrambled words (four

names of countries and four names of animals), and it is preceded by a trial task

involving one question of each type so that players become acquainted with the

dynamics. Each word/operation has a time limit of five seconds to be solved,

and every correct answer yields 10, 000ECU.

1Details are published on-line by the HMRC: https://
www.gov.uk/ government/ publications/ rates-and-allowances-income-tax/
income-tax-rates-and-allowances-current-and-past .
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Figure A.1: Income Tax Information for Treatment 2 (progressive system)

For the purpose of the experiment, the earning task needs to follow three main

requirements: incomplete information on the income distribution, realism, and

low dispersion. The need for incomplete information and realism is obvious,

while low dispersion helps to minimize income effects (making respondents more

comparable); it also helps with planning the budget of the experiment.

Incomplete information was ensured since all players knew the reward struc-

ture, probability of multiplier, time limitations and the lower and upper income

bounds, but they did not know other players’ performance. Although an upper

bound does usually not exist in reality, it is unavoidable in an experiment.

A.1.4 Instructions

Since this experiment was not distributed in a lab, the instructions had to be fully

displayed on the screen, and participants were not provided with a printed copy.

The set of initial instructions was available for review on every screen through a

button at the bottom of the page.

Screenshots of the instructions at each step are provided below, with self-explanatory

headings:
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Figure A.2: Examples of real effort tasks

Figure A.3: Initial page of the Experiment
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Figure A.4: Instructions for Part 1 (real effort tasks)

Figure A.5: Instructions for Part 2 (elicitation of beliefs)
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Figure A.6: Additional information about the payment structure
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Appendix B (for Chapter 2)

B.1 Additional context tables

Table B.1: List of countries with soda taxes

Country From To Products affected Min. sugar content Tax value

American Samoa 2001 Excise for locally produced and import tax
Bahrain 2017 All soft-drinks and energy drinks No minimum 50% on soft drinks

(all aerated beverages) 100% on energy drinks
Barbados 2015 All sugary drinks, except pure natural juice, milk based, No minimum 10% excise tax pre VAT

waters and powdered drinks Any sugar or flavouring
Belgium 2016 All non-alcoholic sweetened beverages No minimum 0.068 e/l.

Any sweetener or flavouring (initially 0.03 e/l.)
Intermediary liquids: 0.41 e/l.

Bermuda 2018 All non-alcoholic sweetened beverages, No minimum 50% VAT on drinks
except fruit and vegetable juices Any sweetener or flavouring 50% VAT on syrups

Brunei 2017 All sugar-sweetened beverages, Sweetened & coffee > 6g / 100ml 0.40 B$/l.
except milk-based drinks and fruit juices Soya milk > 7g / 100ml

Malted or chocolate > 8g / 100ml
Chile 2014 All non-alcoholic sugar-sweetened beverages, Any sugar or flavouring Initial common excise tax: 13%

except water, milk-based and pure juices Additional if > 6.25g / 100ml Increased for sugary: 18%
Decreased for non/low sug: 10%

Cook Islands 2014 All non-alcoholic beverages > 5 g. / 100ml VAT on drinks
Denmark 2011 2012 Saturated fat products > 2.3g saturated fat / 100g fat 50% VAT
Dominica 2015 All food and drinks with high sugar content No minimum $ 0.20 /l.

10% on energy drinks
Ecuador 2016 Any sweetened soft drinks and all energy drinks, except No minimum Basic 10% excise tax

dairy products, minueral water, and >50% fruit juices Additional if > 2.5g / 100ml Special rate $ 0.25 /100g sugar
(initially $ 0.18 /100g sugar)

Estonia 2018 All non-alcoholic beverages with sweeteners or sugar, > 5g. / 100ml. Only artificial sweet.: 0.10e/l.
except 100% juice drinks and milk drinks. Only sugar, 5-8g.: 0.10e/l.

Artif. + 5-8g sugar: 0.20e/l.
> 8g. Sugar: 0.30e/l.

Ethiopia 2020 All sweetened beverages, except fruit and vegetable No minimum 25%
juices Any sweetener

Fiji 2011 All sweetened beverages and flavoured or coloured No minimum Imported: 15% excise tax
sugar syrups, except milk-based drinks Any sweetener or flavouring (initially 10%)

Local product: 35cts/l.
(initially 10cts/l.)

Finland 2011 2017 All non-alcoholic beverage containing sweeteners or No minimum Basic 0.11 e/l.
flavours, except small producers Additional if >0.5% sugar Additional + 0.21 e/l.

(in 2014: + 0.11 e/l.)
France 2012 All sweetened non-alcoholic beverages Proportional Initially 0.075 e/l.

Up to 0.20 e/l.
French Polynesia 2002 All sweetened drinks and beer No minimum Any sweetener Imported: 60 cfp/l.

Local product: 40 cfp/l.
Hungary 2011 All non-alcoholic sweetened beverages Sweetened drinks > 8g/100ml Soft drinks: 15 huf/l.

No minimum for energy drinks (initially 5 huf/l.)
Energy drinks: 300 huf/l.

(Initially 250 huf/l.)
India 2017 All sweetened or flavoured beverages No minimum Additional +12% on GST
Ireland 2018 All non-alcoholic sugar-sweetened drinks, > 5g / 100ml 6g-8g : 0.20 e/l.

except fruit juices and dairy products Higher if > 8g / 100ml > 8g : 0.30 e/l.
Kiribati 2014 All non-alcoholic sweetened or flavoured beverages, No minimum 40% excise tax

excep fruit and vegetable juices
Latvia 2004 All non-alcoholic sweetened or flavoured beverages, No minimum 0.74 e/l.

except fruit and vegetable juices and nectars (initially 0.285 e/l.)
Malaysia 2019 All sugary beverages Sweetened drinks > 5g/100ml RM 0.40 /l.

Natural drinks > 12g/100ml
Mauritius 2013 All sugar-sweetened beverages No minimum MUR 0.06 /g. of sugar

(initially MUR 0.03 /g.)
Mexico 2014 All sugary beverages, except milks and yoghurts No minimum Basic: MXN 1 /l.

Additional if > 275cal / 100g. Energy drinks: 25% excise tax
Caloric drinks: 8% excise tax

Morocco 2020 All sugary non-alcoholic beverages No minimum Basic: MAD 1-1.5 /l. VAT
Additional if < 10% pure juice Add. < 5g./100ml : MAD 3 /l.

Add. 5g.-10g. : MAD 3.75 /l.
Add. > 10g. : MAD 4.5 /l.

Norway 1981 All sweetened non-alcoholic beverages No minimum Artificial sweet.: 2.54 NOK /l.
Additional for sugar-sweetened > 8g./100ml : 3.63 NOK /l.

(In 2017: 3.34 NOK /l.)
(In 2018: 4.75 NOK /l.)

(Continues in the next page)
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List of countries with soda taxes (continued)

Country From To Products affected Min. sugar content Tax value

Oman 2019 All sweetened beverages in any form (ready to drink, No minimum 50% excise tax
concentrate, powder, gel), except pure vegetable and
fruit juices, dairy products (>75% milk), and dietary sup.

Peru 2018 All sugary non-alcoholic beverages, including No minimum Basic: 17% excise tax
0% alcohol beer Additional for > 6g / 100ml Additional: 25% excise tax

Philippines 2018 All sweetened beverages (unless stevia or coco sugar), No minimum Regular: 6 pesos /l.
except milk, pure juices, coffee and tea If using corn syrup: 12 pesos /l.

Portugal 2017 All sweetened non-alcoholic beverages (SSB&ASB), No minimum < 8g / 100ml. : 0.08 e/l.
except milk and alternatives, and fruit juices Higher for > 8g / 100ml > 8g / 100ml. : 0.16 e/l.

Qatar 2019 All soft drinks No minimum Carbonated drinks: 50% tax
Energy drinks: 100% tax

Samoa 1984 All soft drinks No minimum 0.4 talas /l.
(initially 0.3 talas /l.)

Saudi Arabia 2017 All carbonated drinks and energy drinks No minimum Carbonated drinks: 50% tax
Energy drinks: 100% tax

Seychelles 2019 All sugary drinks, except fresh locally produced > 5g / 100ml 4 SR / l.
drinks and plain milk

South Africa 2018 All sweetened beverages except pure natural juices > 4g / 100ml 0.021 SGD / gram above 4 g.
Spain (Catalonia) 2017 All sugary and (caloric) sweetened soft drinks, > 5g / 100ml 5g.-8g. / 100ml. : 0.08 e/l.

except fruit juices > 8g. : 0.12 e/l.
Spain (all regions) 2021 All sweetened beverages unless served to consume at No minimum Additional +11% VAT

restaurants and bars. Milk-based products are exempt
Sri Lanka 2017 All sugar-sweetened beverages No minimum RS 0.30 / g. of sugar

(initially RS 0.50 / g.)
St Helena 2014 All carbonated drinks containing sugar > 1.5g / 100ml 0.75 SHP /l.
Thailand 2017 All soft drinks containing sugar. > 6g / 100ml Sweetened drinks: 14% VAT

Fruit&Veg. juices: 10% VAT
6g. - 8g. / 100ml. : 0.10 baht /l.
8 - 10g. / 100ml. : 0.30 baht /l.
10 - 14g. / 100ml. : 0.50 baht /l.
> 14g. / 100ml. : 1 baht / l.

(doubling every 2 years)
Tonga 2013 All soft drinks containing sugar or sweeteners No minimum 1.5 TOP / l.

(initially 0.5 TOP /l.)
UAE 2017 All carbonated drinks and energy drinks, No minimum Carbonated drinks: 50%

except unflavoured aerated water Energy drinks: 100%
UK 2018 Pre-packaged soft drinks with added sugar, > 5g / 100ml 5g. - 8g. / 100ml. : £ 0.18 /l.

except pure fruit juices and milk substitutes > 8g. / 100ml. : £ 0.24 /l.
USA (S. Francisco) 2018 All sugar-sweetened beverages except > 7cal / 100ml $ 0.01 /oz.

except pure natural juices and milk substitutes
USA (Berkeley) 2015 All (caloric) sweetened beverages No minimum $ 0.01 /oz.
USA (Navajo N.) 2015 All minimal-to-non-nutritional food items No minimum 2%
USA (Albany) 2017 All (caloric) sweetened beverages, No minimum $ 0.01 /oz.

except milk products and pure natural juices
USA (Philadelphia) 2017 All non-alcoholic sweetened beverages, No minimum $ 0.015 /oz.

except milk products and pure natural juices
USA (Boulder) 2017 All (caloric) sweetened beverages, > 1.4g / 100ml $ 0.02 /oz.

except milk products and alcoholic beverages
USA (Oakland) 2017 All sugar-sweetened beverages, > 7cal / 100ml $ 0.01 /oz.

except milk products and pure natural juices
USA (Seattle) 2018 All (caloric) sweetened beverages, No minimum $ 0.0175 / oz.

except milk products and pure natural juices
USA (Washington) 2010 2010 All carbonated drinks No minimum $ 0.0175 / oz.

(initially $ 0.0016 / oz.)
Vanuatu 2015 All sweetened carbonated beverages No minimum 50 vatu /l.

Source: Elaborated by the author.
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Table B.2: Changes in levels of sugar 2017-2018, by product

Sugar content (g/100ml)
Group Matrix Brand Product Previous (2017) New formula (2018)
AG Barr Irn-Bru Irn-Bru 10.3 4.7
AG Barr Rockstar Rockstar Energy Drink 15.6 4.8
AG Barr Rubicon Rubicon 12 4.8
Britvic 7UP 7UP 10.6 7
Britvic Britvic Britvic Ginger Ale 9.1 9.1
Britvic Britvic Britvic tonic 5.8 4.7
Britvic J2O J2O Fruit Blends 7.3 4.7
Britvic Lipton Lipton Ice Tea 6.5 4.5
Britvic Mountain Dew Mountain Dew 13 12
Britvic Pepsi Pepsi original 11 11
Britvic Robinsons Robinsons Barley water 4.4 4.4
Britvic Robinsons Robinsons Fruit Creations 0 0
Britvic Robinsons Robinsons Squash’d 0 0
Britvic Tango Tango 4.3 4.3
Coca-Cola Coca-Cola Coca-cola original 10.6 10.6
Coca-Cola Coca-Cola Coke cherry 11.2 11.2
Coca-Cola Dr Pepper Dr Pepper 7.2 4.9
Coca-Cola Fanta Fanta Lemon 8.3 4.5
Coca-Cola Fanta Fanta Orange 6.9 4.6
Coca-Cola Fanta Fanta Other 6.3 4.8
Coca-Cola Lilt Lilt 4.6 4.6
Coca-Cola Schweppes Schweppes Indian Tonic 5.1 4.9
Coca-Cola Schweppes Schweppes Lemonade 4.2 4.2
Coca-Cola Sprite Sprite 6.6 3.3
Fever-Tree Fever-Tree Fever-Tree Indian Tonic 8 2.9
Lucozade Lucozade Energy Lucozade original 8.7 4.5
Monster Monster Monster Energy drink 11 11
Monster Monster Monster Juiced 8.4 8.4
Old Jamaica Old Jamaica Old Jamaica Ginger beer 15.2 4.9
Red Bull Red Bull Red Bull 11 11
Ribena Ribena Ribena Squash Concentrate 10 4.6
San Pellegrino San Pellegrino San Pellegrino Lemon 7 4.6
Vimto Vimto Vimto Original Squash 9.1 4.6

Source: Elaborated by the author.
Notes: Sugar levels that would fall within the lower and the higher levies are highlighted in
yellow (lighter) and orange (darker), respectively.
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B.2 Additional regression tables

Table B.3: Tax pass-through of the SDIL and spillover on substitute drinks (full)

(1) (2)
VARIABLES Quarterly Quarterly

Pass-through at Q1 1.149*** 1.037***
(0.204) (0.289)

Pass-through at Q2 1.100*** 1.090***
(0.185) (0.208)

Pass-through at Q3 0.886** 0.943***
(0.323) (0.308)

Pass-through at Q4 1.389*** 1.397***
(0.195) (0.175)

Spillover on Sugar-Free (Q1) 0.316*** 0.329**
(0.068) (0.149)

Spillover on Sugar-Free (Q2) 0.536*** 0.521***
(0.098) (0.133)

Spillover on Sugar-Free (Q3) 0.295** 0.334**
(0.111) (0.137)

Spillover on Sugar-Free (Q4) 0.508*** 0.512***
(0.119) (0.139)

Spillover on Other Carbonated (Q1) 0.270** -0.051
(0.104) (0.225)

Spillover on Other Carbonated (Q2) 0.209 0.140
(0.192) (0.179)

Spillover on Other Carbonated (Q3) -0.259 -0.063
(0.154) (0.141)

Spillover on Other Carbonated (Q4) 0.167 0.198
(0.198) (0.180)

Spillover on Non-Carbonated (Q1) 0.039 0.241
(0.175) (0.199)

Spillover on Non-Carbonated (Q2) -0.115 -0.329
(0.195) (0.290)

Spillover on Non-Carbonated (Q3) -0.225 -0.150
(0.237) (0.252)

Spillover on Non-Carbonated (Q4) 0.140 0.094
(0.246) (0.230)

Observations 23,831 78,273
R-squared 0.249 0.091
Number of ASIN 41 134
Item FE YES YES
Season-Category FE NO YES

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: These two columns contain the full set of coefficients for the regression estimated fol-
lowing Equation 2.11. Column (2) corresponds to Column (3) of Table 2.6, including the ini-
tially omitted coefficients for Other Carbonated and Non-Carbonated drinks.
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Appendix C (for Chapter 3)

C.1 Regression tables

Table C.1: Regression table for Figure 3.5 - Average tax pass-through

(1) (2) (3)
VARIABLES OLS OLS Panel

January (β1) -0.019** -0.006 0.000
(0.009) (0.007) (0.005)

February (beta2) 0.014 0.050*** 0.040***
(0.011) (0.011) (0.008)

March (β3) 0.038** 0.058*** 0.036***
(0.016) (0.018) (0.008)

April (β4) 0.069*** 0.072*** 0.040***
(0.011) (0.018) (0.008)

Treated (λ1) -0.020 0.066
(0.151) (0.152)

Treated # January (ρ1) 0.085*** 0.071*** 0.062***
(0.012) (0.011) (0.009)

Treated # February (ρ2) 0.094*** 0.067*** 0.082***
(0.013) (0.015) (0.009)

Treated # March (ρ3) 0.070*** 0.052** 0.082***
(0.022) (0.025) (0.009)

Treated # April (ρ4) 0.051** 0.036* 0.083***
(0.020) (0.021) (0.010)

Observations 119,546 119,546 119,546
R-squared 0.002 0.052 0.2117
Seller-month FE NO YES YES
Product FE NO NO YES
Number of id 1,075

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: This table shows the estimates from a set of regressions following the specification in
Equation 3.1. The coefficients ρjm in column (3), calculated through a panel regression with
item fixed effects, are the estimates of tax pass-through depicted in Figure 3.5. Errors were
clustered at the brand level.
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Table C.2: Regression table for Figure 3.7 - Last digit effect (price changes)

(1) (2) (3)
VARIABLES LPM LPM Panel

Treated (λ0) 0.074 0.144
(0.160) (0.158)

Base Category
January (γ01) -0.020** -0.006 -0.002

(0.010) (0.008) (0.005)
February (γ02) 0.017** 0.049*** 0.043***

(0.009) (0.009) (0.007)
March (γ03) 0.051*** 0.064*** 0.039***

(0.013) (0.014) (0.007)
April (γ04) 0.078*** 0.076*** 0.041***

(0.013) (0.017) (0.008)
Treated × January (ρ01) 0.084*** 0.069*** 0.062***

(0.013) (0.012) (0.011)
Treated × February (ρ02) 0.091*** 0.066*** 0.077***

(0.011) (0.011) (0.010)
Treated × March (ρ03) 0.057*** 0.045** 0.075***

(0.017) (0.020) (0.010)
Treated × April (ρ04) 0.056*** 0.045** 0.080***

(0.021) (0.022) (0.012)
Psychological Endings

Nine-ending (β1 − β0) 0.080 0.095
(0.110) (0.105)

Zero-ending (β2 − β0) 0.624*** 0.482***
(0.148) (0.138)

Treated × Nine-ending (λ1 − λ0) 0.006 0.001
(0.147) (0.138)

Treated × Zero-ending (λ2 − λ0) -0.606*** -0.522***
(0.203) (0.190)

Nine-ending × January (γ11 − γ01) -0.005 0.001 0.007
(0.017) (0.016) (0.006)

Nine-ending × February (γ12 − γ02) 0.022 0.018 -0.014
(0.026) (0.028) (0.010)

Nine-ending × March (γ13 − γ03) 0.006 0.002 -0.015
(0.033) (0.034) (0.009)

Nine-ending × April (γ14 − γ04) -0.032 -0.014 -0.005
(0.038) (0.038) (0.010)

Zero-ending × January (γ21 − γ01) 0.019 0.010 0.013***
(0.019) (0.021) (0.005)

Zero-ending × February (γ22 − γ02) -0.031 -0.014 0.001
(0.021) (0.018) (0.009)

Zero-ending × March (γ23 − γ03) -0.066** -0.031 0.001
(0.030) (0.025) (0.009)

Zero-ending × April (γ24 − γ04) -0.049** -0.037* 0.005
(0.023) (0.021) (0.008)

Treated × Nine-ending × January (ρ11 − ρ01) -0.018 -0.025 -0.012
(0.021) (0.021) (0.013)

Treated × Nine-ending × February (ρ12 − ρ02) -0.048 -0.050 0.015
(0.034) (0.036) (0.016)

Treated × Nine-ending × March (ρ13 − ρ03) -0.060 -0.068 0.017
(0.048) (0.050) (0.014)

Treated × Nine-ending × April (ρ14 − ρ04) -0.039 -0.054 0.012
(0.050) (0.051) (0.015)

Treated × Zero-ending × January (ρ21 − ρ01) 0.010 0.023 0.009
(0.025) (0.027) (0.015)

Treated × Zero-ending × February (ρ22 − ρ02) 0.060*** 0.052** 0.015
(0.023) (0.020) (0.019)

Treated × Zero-ending × March (ρ23 − ρ03) 0.125*** 0.102*** 0.022
(0.036) (0.032) (0.019)

Treated × Zero-ending × April (ρ24 − ρ04) 0.043 0.035 0.005
(0.030) (0.029) (0.018)

Observations 119,546 119,546 119,546
R-squared 0.030 0.068 0.214
Seller-month FE NO YES YES
Product FE NO NO YES
Number of id 1,075

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: This table shows the estimates from a set of regressions following the specification in
Equation 3.2 but with other endings as the base category. Therefore, the coefficients in this
table for the other two endings categories denote the differential value from the base category.
Errors were clustered at the brand level. For an easier interpretation, I have added the cor-
respondence with the notation in Equation 3.2. The points in Figure 3.7 correspond to the ρ
parameters as described in Equation 3.2 divided by 10% (to be expressed as price changes in
proportion to the tax change) and were calculated through a linear combination of the values
in column (3) of this table.
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Table C.3: Regression table for Figure 3.8 - Last digit effect (price rigidity)

(1) (2) (3)
VARIABLES LPM LPM Panel

Treated (λ0) 0.006 0.004
(0.013) (0.012)

Base Category
January (γ01) 0.123*** 0.055* 0.057**

(0.018) (0.028) (0.028)
February (γ02) 0.393*** 0.416*** 0.414***

(0.037) (0.041) (0.041)
March (γ03) 0.439*** 0.460*** 0.460***

(0.038) (0.040) (0.039)
April (γ04) 0.419*** 0.462*** 0.473***

(0.039) (0.040) (0.040)
Treated × January (ρ01) 0.353*** 0.387*** 0.382***

(0.048) (0.045) (0.046)
Treated × February (ρ02) 0.432*** 0.428*** 0.429***

(0.051) (0.051) (0.053)
Treated × March (ρ03) 0.408*** 0.404*** 0.404***

(0.053) (0.052) (0.055)
Treated × April (ρ04) 0.436*** 0.425*** 0.407***

(0.056) (0.056) (0.057)
Psychological Endings

Nine-ending (β1 − β0) -0.007 -0.008
(0.009) (0.008)

Zero-ending (β2 − β0) 0.002 0.007
(0.010) (0.010)

Treated × Nine-ending (λ1 − λ0) -0.005 -0.005
(0.011) (0.011)

Treated × Zero-ending (λ2 − λ0) -0.024 -0.027*
(0.015) (0.015)

Nine-ending × January (γ11 − γ01) -0.016 -0.032 -0.024
(0.025) (0.027) (0.029)

Nine-ending × February (γ12 − γ02) -0.159*** -0.165*** -0.160***
(0.050) (0.050) (0.048)

Nine-ending × March (γ13 − γ03) -0.201*** -0.209*** -0.203***
(0.048) (0.048) (0.045)

Nine-ending × April (γ14 − γ04) -0.129** -0.145*** -0.151***
(0.051) (0.051) (0.048)

Zero-ending × January (γ21 − γ01) 0.030 0.050 0.050
(0.039) (0.033) (0.033)

Zero-ending × February (γ22 − γ02) -0.113* -0.078 -0.069
(0.058) (0.054) (0.055)

Zero-ending × March (γ23 − γ03) -0.119* -0.082 -0.076
(0.063) (0.058) (0.058)

Zero-ending × April (γ24 − γ04) -0.122* -0.071 -0.061
(0.067) (0.058) (0.057)

Treated × Nine-ending × January (ρ11 − ρ01) 0.082 0.087* 0.076*
(0.053) (0.046) (0.045)

Treated × Nine-ending × February (ρ12 − ρ02) 0.190*** 0.192*** 0.186***
(0.063) (0.063) (0.063)

Treated × Nine-ending × March (ρ13 − ρ03) 0.203*** 0.207*** 0.202***
(0.063) (0.063) (0.061)

Treated × Nine-ending × April (ρ14 − ρ04) 0.160*** 0.168*** 0.181***
(0.060) (0.060) (0.059)

Treated × Zero-ending × January (ρ21 − ρ01) -0.050 -0.078 -0.068
(0.062) (0.056) (0.058)

Treated × Zero-ending × February (ρ22 − ρ02) 0.006 -0.018 -0.018
(0.074) (0.072) (0.074)

Treated × Zero-ending × March (ρ23 − ρ03) 0.026 0.000 0.011
(0.074) (0.071) (0.071)

Treated × Zero-ending × April (ρ24 − ρ04) 0.011 -0.022 -0.016
(0.074) (0.070) (0.069)

Observations 119,546 119,546 119,546
R-squared 0.384 0.398 0.398
Seller-month FE NO YES YES
Product FE NO NO YES
Number of id 1,075

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: This table shows the estimates from a set of Linear Probability Model regressions fol-
lowing a specification similar to Equation 3.2 but with the dummy Dit as the dependent vari-
able, and with other endings as the base category. Therefore, the coefficients in this table for
the other two endings categories denote the differential value from the base category. Errors
were clustered at the brand level. For an easier interpretation, I have added the correspon-
dence with the notation in Equation 3.2. The points in Figure 3.8 were calculated through a
linear combination of the values in column (3) of this table. December is set to zero deducting
the items’ fixed effects.
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Table C.4: Regression table for Figure 3.9 - First decimal effect (price changes)

(1) (2) (3)
VARIABLES OLS OLS Panel

After Tax Change (γ40) 0.030** 0.045*** 0.037***
(0.014) (0.013) (0.007)

Ending .1x-.3x × Post (γ10 − γ40) 0.014 0.017 0.001
(0.016) (0.015) (0.006)

Ending .4x × Post (γ20 − γ40) 0.061** 0.063** 0.012
(0.029) (0.027) (0.012)

Ending .5x × Post (γ30 − γ40) 0.009 0.005 0.002
(0.016) (0.015) (0.010)

Ending .9x × Post (γ50 − γ40) 0.027 0.032 -0.001
(0.031) (0.029) (0.012)

Ending .0x × Post (γ60 − γ40) 0.006 0.009 0.041
(0.039) (0.037) (0.032)

Ending .x9 × Post (γ41 − γ40) -0.008 0.003 -0.014
(0.024) (0.027) (0.014)

Ending .x0 × Post (γ42 − γ40) -0.056** -0.038** -0.011
(0.023) (0.018) (0.013)

Nine-ending in .1x-.3x × Post (γ11 − γ10) -0.084* -0.094** -0.007
(0.047) (0.047) (0.019)

Zero-ending in .1x-.3x × Post (γ12 − γ10) 0.042 0.048 0.043
(0.053) (0.049) (0.034)

Nine-ending in .4x × Post (γ21 − γ20) -0.011 -0.025 0.042
(0.041) (0.043) (0.029)

Zero-ending in .4x × Post (γ22 − γ20) -0.022 -0.012 0.009
(0.059) (0.054) (0.020)

Nine-ending in .5x × Post (γ31 − γ30) 0.096 0.081 0.002
(0.095) (0.086) (0.023)

Zero-ending in .5x × Post (γ32 − γ30) -0.001 0.008 0.018
(0.037) (0.041) (0.017)

Nine-ending in .9x × Post (γ51 − γ50) 0.013 0.009 -0.005
(0.072) (0.073) (0.027)

Zero-ending in .9x × Post (γ52 − γ50) 0.026 0.019 0.022
(0.048) (0.046) (0.024)

Nine-ending in .0x × Post (γ61 − γ60) 0.017 0.012 0.002
(0.041) (0.042) (0.031)

Zero-ending in .0x × Post (γ62 − γ60) 0.002 0.001 -0.030
(0.055) (0.048) (0.031)

After Tax Change (Post) × Treated (ρ40) 0.101*** 0.094*** 0.094***
(0.021) (0.021) (0.012)

Ending .1x-.3x × Post × Treated (ρ10 − ρ40) -0.010 -0.024 -0.006
(0.047) (0.047) (0.026)

Ending .4x × Post × Treated (ρ20 − ρ40) -0.125*** -0.137*** -0.050***
(0.041) (0.043) (0.019)

Ending .5x × Post × Treated (ρ30 − ρ40) -0.020 -0.024 -0.022
(0.043) (0.044) (0.016)

Ending .9x × Post × Treated (ρ50 − ρ40) -0.041 -0.052 0.000
(0.048) (0.049) (0.017)

Ending .0x × Post × Treated (ρ60 − ρ40) -0.045 -0.055 -0.063*
(0.043) (0.040) (0.034)

Ending .x9 × Post × Treated (ρ41 − ρ40) -0.016 -0.022 0.016
(0.034) (0.039) (0.022)

Ending .x0 × Post × Treated (ρ42 − ρ40) 0.034 0.017 -0.036*
(0.056) (0.055) (0.020)

Nine-ending in .1x-.3x × Post × Treated (ρ11 − ρ10) 0.017 0.016 -0.017
(0.092) (0.094) (0.046)

Zero-ending in .1x-.3x × Post × Treated (ρ12 − ρ10) 0.008 0.015 0.010
(0.092) (0.092) (0.055)

Nine-ending in .4x × Post × Treated (ρ21 − ρ20) -0.075 -0.081 0.007
(0.109) (0.118) (0.038)

Zero-ending in .4x × Post × Treated (ρ22 − ρ20) 0.069 0.078 0.050
(0.076) (0.072) (0.033)

Nine-ending in .5x × Post × Treated (ρ31 − ρ30) -0.103 -0.094 0.013
(0.104) (0.097) (0.032)

Zero-ending in .5x × Post × Treated (ρ32 − ρ30) -0.035 -0.026 0.029
(0.065) (0.073) (0.031)

Nine-ending in .9x × Post × Treated (ρ51 − ρ50) 0.017 0.014 -0.006
(0.081) (0.084) (0.035)

Zero-ending in .9x × Post × Treated (ρ52 − ρ50) 0.026 0.031 0.043
(0.090) (0.090) (0.049)

Nine-ending in .0x × Post × Treated (ρ61 − ρ60) -0.030 -0.041 -0.054
(0.052) (0.053) (0.044)

Zero-ending in .0x × Post × Treated (ρ62 − ρ60) 0.116 0.118* 0.148***
(0.071) (0.066) (0.042)

Observations 93,507 93,507 93,507
R-squared 0.101 0.134 0.000332
Seller-month FE NO YES NO
Product FE NO NO YES
Number of id 1,075

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: The regressions in this table follow the specification in Equation 3.2 but with Endings
in .1x-.3x (j = 0) and Other Endings (k = 4) as the base categories. Errors were clustered
at the brand level. The correspondence of each coefficient with the notation in Equation 3.2
was added for easier interpretation. The level of pass-through can be calculated by dividing
the parameters ρkj by 10% (the tax increase). Figure 3.9 uses the coefficients from column (3).
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Table C.5: Regression table for Figure 3.10 - First decimal effect (price rigidity)

(1) (2) (3)
VARIABLES LPM LPM Panel

After Tax Change (γ40) 0.452*** 0.470*** 0.470***
(0.040) (0.040) (0.040)

Ending .1x-.3x × Post (γ10 − γ40) -0.058 -0.047 -0.043
(0.055) (0.055) (0.057)

Ending .4x × Post (γ20 − γ40) -0.041 -0.037 -0.041
(0.079) (0.079) (0.075)

Ending .5x × Post (γ30 − γ40) -0.045 -0.050 -0.039
(0.076) (0.078) (0.077)

Ending .9x × Post (γ50 − γ40) -0.046 -0.037 -0.032
(0.105) (0.107) (0.099)

Ending .0x × Post (γ60 − γ40) -0.045 -0.042 -0.041
(0.093) (0.090) (0.090)

Ending .x9 × Post (γ41 − γ40) -0.154 -0.162 -0.157
(0.100) (0.099) (0.096)

Ending .x0 × Post (γ42 − γ40) -0.186** -0.137* -0.128
(0.092) (0.081) (0.080)

Nine-ending in .1x-.3x × Post (γ11 − γ10) -0.062 -0.069 -0.068
(0.136) (0.134) (0.131)

Zero-ending in .1x-.3x × Post (γ12 − γ10) 0.116 0.084 0.085
(0.142) (0.130) (0.126)

Nine-ending in .4x × Post (γ21 − γ20) 0.113 0.102 0.097
(0.158) (0.157) (0.155)

Zero-ending in .4x × Post (γ22 − γ20) 0.117 0.156 0.153
(0.161) (0.154) (0.152)

Nine-ending in .5x × Post (γ31 − γ30) 0.000 -0.000 0.008
(0.143) (0.142) (0.142)

Zero-ending in .5x × Post (γ32 − γ30) 0.238 0.263 0.265
(0.335) (0.383) (0.380)

Nine-ending in .9x × Post (γ51 − γ50) -0.060 -0.066 -0.084
(0.148) (0.148) (0.143)

Zero-ending in .9x × Post (γ52 − γ50) 0.271 0.240 0.222
(0.184) (0.187) (0.184)

Nine-ending in .0x × Post (γ61 − γ60) 0.747*** 0.741*** 0.749***
(0.138) (0.136) (0.132)

Zero-ending in .0x × Post (γ62 − γ60) -0.012 -0.012 -0.010
(0.147) (0.141) (0.132)

After Tax Change (Post) × Treated (ρ40) 0.385*** 0.394*** 0.397***
(0.076) (0.074) (0.077)

Ending .1x-.3x × Post × Treated (ρ10 − ρ40) 0.011 -0.016 -0.023
(0.089) (0.088) (0.090)

Ending .4x × Post × Treated (ρ20 − ρ40) 0.015 -0.006 0.001
(0.102) (0.104) (0.105)

Ending .5x × Post × Treated (ρ30 − ρ40) 0.083 0.072 0.060
(0.099) (0.102) (0.104)

Ending .9x × Post × Treated (ρ50 − ρ40) 0.043 0.035 0.018
(0.121) (0.120) (0.114)

Ending .0x × Post × Treated (ρ60 − ρ40) 0.100 0.084 0.076
(0.118) (0.118) (0.120)

Ending .x9 × Post × Treated (ρ41 − ρ40) 0.236* 0.254* 0.249*
(0.132) (0.137) (0.139)

Ending .x0 × Post × Treated (ρ42 − ρ40) 0.095 0.042 0.038
(0.149) (0.146) (0.145)

Nine-ending in .1x-.3x × Post × Treated (ρ11 − ρ10) 0.004 0.002 0.003
(0.187) (0.190) (0.191)

Zero-ending in .1x-.3x × Post × Treated (ρ12 − ρ10) -0.036 0.029 0.019
(0.258) (0.240) (0.239)

Nine-ending in .4x × Post × Treated (ρ21 − ρ20) -0.282 -0.287 -0.289
(0.224) (0.236) (0.238)

Zero-ending in .4x × Post × Treated (ρ22 − ρ20) -0.030 -0.009 -0.016
(0.206) (0.203) (0.202)

Nine-ending in .5x × Post × Treated (ρ31 − ρ30) -0.014 -0.023 -0.032
(0.183) (0.189) (0.194)

Zero-ending in .5x × Post × Treated (ρ32 − ρ30) -0.210 -0.180 -0.187
(0.347) (0.409) (0.408)

Nine-ending in .9x × Post × Treated (ρ51 − ρ50) 0.080 0.046 0.073
(0.172) (0.174) (0.170)

Zero-ending in .9x × Post × Treated (ρ52 − ρ50) -0.071 -0.065 -0.043
(0.244) (0.246) (0.245)

Nine-ending in .0x × Post × Treated (ρ61 − ρ60) -1.190*** -1.205*** -1.253***
(0.286) (0.290) (0.272)

Zero-ending in .0x × Post × Treated (ρ62 − ρ60) 0.070 0.078 0.065
(0.208) (0.207) (0.205)

Observations 93,507 93,507 93,507
R-squared 0.450 0.462 0.459
Seller-month FE NO YES NO
Product FE NO NO YES
Number of id 1,075

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: The regressions in this table follow the specification in Equation 3.2, but with the
dummy Dit as dependent variable and Endings in .1x-.3x (j = 0) and Other Endings (k = 4)
as base categories. Errors were clustered at the brand level. The correspondence with the no-
tation in Equation 3.2 was added for easier interpretation. Figure 3.10 uses the coefficients
from column (3).
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Table C.6: Regression table for Figure 3.11 - Strategic Pricing

(1) (2) (3) (4) (5) (6)

VARIABLES 9-Ending 0-Ending 9-Ending 0-Ending 9-Ending 0-Ending

January (β1 − β0) 0.972 0.968 1.220** 1.107 1.219** 1.109
(0.045) (0.057) (0.096) (0.134) (0.096) (0.135)

February (β2 − β0) 0.978 0.988 1.129 1.222 1.128 1.223
(0.079) (0.102) (0.154) (0.215) (0.154) (0.218)

March (β3 − β0) 0.993 0.980 1.143 1.056 1.143 1.056
(0.096) (0.114) (0.171) (0.224) (0.170) (0.226)

April (β4 − β0) 0.918 1.103 1.243 1.118 1.242 1.116
(0.095) (0.116) (0.208) (0.237) (0.208) (0.238)

Treated (γ0) 1.090 1.167 1.132 1.333 1.138 1.341
(0.208) (0.305) (0.214) (0.346) (0.212) (0.347)

Treated times January (γ1 − γ0) 0.910 1.354 0.810 1.305 0.811 1.301
(0.143) (0.332) (0.124) (0.341) (0.124) (0.341)

Treated times February (γ2 − γ0) 0.698* 1.182 0.651** 1.095 0.652** 1.093
(0.147) (0.368) (0.138) (0.359) (0.138) (0.360)

Treated times March (γ3 − γ0) 0.717 0.921 0.667** 0.898 0.667** 0.898
(0.147) (0.321) (0.134) (0.329) (0.134) (0.329)

Treated times April (γ4 − γ0) 0.731 0.845 0.635** 0.834 0.635** 0.836
(0.141) (0.275) (0.130) (0.287) (0.131) (0.286)

Constant (β0) 0.284*** 0.243*** 0.272*** 0.161*** 0.308** 0.103***
(0.039) (0.044) (0.048) (0.028) (0.156) (0.062)

Observations 119,546 119,546 119,546
Seller-month FE NO YES YES
Controls NO NO YES
Pseudo R-squared 0.00334 0.0240 0.0247

Robust standard errors in parenthesis. Significance levels: *** p< 0.01, ** p< 0.05, * p< 0.1.
Notes: This table shows the coefficients of a multinomial logistic regression following Equation
3.4 but with December as the base month, as odds ratios (denoting the relative probability
compared to other endings). The correspondence of the coefficients with the notation used in
Equation 3.4 is added for easier interpretation. Errors were clustered at the brand level. Figure
3.11 uses the coefficients from columns (7-8).
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C.2 Additional distribution tables

Table C.7: Distribution of the first decimal of prices in December 2020

First decimal
Category Seller 1 2 3 4 5 6 7 8 9 0

Alcampo 3% 9% 3% 18% 21% 12% 2% 6% 17% 9%
Cola Sodas Eroski 1% 2% 3% 4% 29% 27% 2% 0% 5% 27%

Mercadona 0% 9% 9% 0% 32% 25% 0% 9% 17% 0%
Alcampo 2% 2% 14% 16% 14% 11% 5% 7% 21% 9%

Lemon Sodas Eroski 14% 10% 10% 26% 10% 10% 0% 0% 5% 17%
Mercadona 10% 0% 0% 20% 10% 30% 10% 0% 0% 20%
Alcampo 4% 11% 13% 21% 11% 6% 7% 7% 7% 14%

Orange Sodas Eroski 5% 0% 23% 27% 0% 18% 0% 0% 9% 18%
Mercadona 0% 0% 25% 0% 0% 50% 0% 0% 0% 25%
Alcampo 8% 6% 3% 3% 2% 0% 5% 13% 33% 27%

Energy Drinks Eroski 0% 9% 5% 14% 0% 0% 0% 0% 23% 50%
Mercadona 13% 0% 13% 13% 0% 0% 25% 13% 25% 0%
Alcampo 0% 0% 9% 21% 15% 14% 10% 10% 7% 15%

Sport Drinks Eroski 13% 0% 0% 3% 28% 3% 20% 7% 3% 23%
Mercadona 0% 0% 0% 29% 14% 0% 29% 0% 0% 29%
Alcampo 4% 13% 17% 28% 12% 10% 3% 9% 4% 0%

Tonic Water Eroski 12% 6% 0% 23% 36% 12% 6% 6% 0% 0%
Mercadona 17% 0% 0% 21% 17% 0% 29% 0% 17% 0%
Alcampo 13% 9% 9% 0% 3% 13% 14% 8% 19% 13%

Sparkling Water Eroski 16% 9% 13% 6% 0% 10% 0% 0% 42% 4%
Mercadona 33% 33% 0% 0% 0% 0% 0% 16% 17% 0%
Alcampo 14% 9% 11% 20% 17% 11% 5% 4% 5% 2%

Still Water Eroski 2% 8% 5% 24% 21% 18% 12% 6% 2% 2%
Mercadona 8% 15% 8% 31% 0% 8% 0% 8% 15% 8%
Alcampo

Vegetable Milk Eroski 5% 5% 8% 15% 12% 7% 11% 2% 24% 11%
Mercadona 11% 0% 6% 16% 0% 11% 6% 28% 6% 16%
Alcampo 4% 6% 6% 12% 17% 17% 15% 10% 7% 4%

Alcoholic Beer Eroski 8% 8% 14% 9% 11% 14% 9% 10% 11% 6%
Mercadona 2% 10% 16% 8% 12% 10% 10% 14% 9% 10%

Alcampo 6% 7% 9% 17% 15% 11% 7% 8% 12% 8%
Overall Eroski 6% 6% 9% 13% 15% 14% 8% 6% 11% 12%

Mercadona 7% 7% 9% 14% 9% 12% 9% 12% 10% 10%

Notes: Each cell represents the proportion of prices within a seller-category pair with a given
digit in the first decimal position. Different shades of yellow were used to highlight cells with a
concentration of prices above the uniform distribution value (10%). In the bottom three rows,
green colour was used to highlight the digits with a frequency above 10% in each supermarket
pooling all categories together.
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Table C.8: Distribution of the second decimal of prices in December 2020

Second Decimal
Category Seller 1 2 3 4 5 6 7 8 9 0

Alcampo 1% 13% 2% 9% 17% 11% 3% 11% 21% 13%
Cola Sodas Eroski 0% 6% 8% 19% 25% 9% 0% 4% 14% 16%

Mercadona 0% 0% 0% 0% 17% 17% 0% 8% 6% 51%
Alcampo 3% 13% 9% 9% 8% 2% 14% 7% 23% 13%

Lemon Sodas Eroski 0% 14% 0% 14% 26% 0% 0% 0% 29% 17%
Mercadona 0% 20% 0% 10% 10% 0% 0% 0% 10% 50%
Alcampo 4% 4% 4% 14% 18% 7% 3% 11% 21% 16%

Orange Sodas Eroski 11% 11% 0% 5% 25% 0% 0% 5% 32% 11%
Mercadona 0% 71% 0% 0% 4% 0% 0% 0% 0% 25%
Alcampo 6% 5% 10% 14% 10% 5% 0% 10% 17% 22%

Energy Drinks Eroski 14% 9% 5% 0% 5% 0% 0% 0% 32% 36%
Mercadona 0% 25% 0% 13% 25% 0% 13% 0% 13% 13%
Alcampo 7% 15% 0% 20% 1% 5% 1% 7% 24% 20%

Sport Drinks Eroski 0% 0% 7% 0% 54% 0% 0% 0% 13% 26%
Mercadona 0% 0% 0% 0% 43% 0% 0% 0% 29% 29%
Alcampo 21% 16% 2% 11% 1% 9% 9% 5% 13% 14%

Tonic Water Eroski 0% 6% 0% 6% 18% 6% 0% 6% 52% 6%
Mercadona 0% 45% 0% 21% 17% 17% 0% 0% 0% 0%
Alcampo 7% 15% 0% 20% 1% 5% 1% 7% 24% 20%

Sparkling Water Eroski 0% 0% 7% 0% 54% 0% 0% 0% 13% 26%
Mercadona 0% 0% 0% 0% 43% 0% 0% 0% 29% 29%
Alcampo 21% 16% 2% 11% 1% 9% 9% 5% 13% 14%

Still Water Eroski 0% 6% 0% 6% 18% 6% 0% 6% 52% 6%
Mercadona 0% 45% 0% 21% 17% 17% 0% 0% 0% 0%
Alcampo 1% 0% 16% 19% 6% 0% 6% 12% 22% 18%

Vegetable Milk Eroski 0% 26% 23% 6% 19% 0% 0% 6% 16% 4%
Mercadona 0% 0% 0% 16% 0% 16% 0% 17% 34% 16%
Alcampo 8% 10% 8% 11% 7% 10% 4% 13% 22% 8%

Alcoholic Beer Eroski 20% 8% 6% 8% 17% 2% 6% 5% 14% 14%
Mercadona 0% 23% 0% 15% 0% 31% 0% 8% 0% 23%

Alcampo 6% 10% 5% 13% 8% 7% 6% 11% 20% 13%
Overall Eroski 6% 8% 5% 6% 22% 5% 3% 7% 22% 15%

Mercadona 0% 14% 0% 10% 12% 11% 1% 4% 8% 39%

Notes: Each cell represents the proportion of prices within a seller-category pair with a given
digit in the second decimal position (last digit of the price). Different shades of yellow were used
to highlight cells with a concentration of prices above the uniform distribution value (10%). In
the bottom three rows, green colour was used to highlight the digits with a frequency above
10% in each supermarket pooling all categories together.

99



C.3 Additional figures

Figure C.1: Average price changes, by initial price ending (last digit)

Notes: This graph complements Figure 3.7 by illustrating the price changes of products with
respect to their average price in December 2020 (before the tax change), by treatment group
and initial (reference) price ending. The points in the plot were calculated through a linear
combination of the estimates from column (3) in Table C.2, Appendix C.1.

Figure C.2: Average price changes, by initial price ending (two digits)

Notes: This graph complements Figure 3.9 by illustrating the price changes of products be-
tween December 2020 and February-April 2021, by treatment group and initial (reference) price
ending. The values in this bar chart were calculated through a linear combination of the es-
timates from column (3) in Table C.4, Appendix C.1. The horizontal dashed lines denote the
average change for each group of beverages (Treated and Control).
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F. Etilé, S. Lecocq, and C. Boizot-Szantai. The incidence of soft-drink taxes

on consumer prices and welfare: Evidence from the french ”soda tax”. Pse

working papers, HAL, 2018.

104



M. D. Evans and J. Kelley. Subjective social location: Data from 21 nations.

International Journal of Public Opinion Research, 16(1):3–38, 2004.

J. Falbe, N. Rojas, A. H. Grummon, and K. A. Madsen. Higher retail prices

of sugar-sweetened beverages 3 months after implementation of an excise tax

in berkeley, california. American journal of public health, 105(11):2194–2201,

2015.

J. Fernández-Albertos and A. Kuo. Income perception, information, and progres-

sive taxation: Evidence from a survey experiment. Political Science Research

and Methods, 6(1):83–110, 2018.

G. Franz. Price effects on the smoking behaviour of adult age groups. Public

Health, 122(12):1343 – 1348, 2008.

V. Gimpelson and D. Treisman. Misperceiving inequality. Economics & Politics,

30(1):27–54, 2018.

U. Gneezy, M. Niederle, and A. Rustichini. Performance in competitive envi-

ronments: Gender differences. The Quarterly Journal of Economics, 118(3):

1049–1074, 2003.
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